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Abstract

Combinatorial optimization problems occur in almost every discipline including
those with utmost practical importance. A combinatorial optimization problem
that is discrete and finite in nature deals with finding an optimal solution from
its large but finite set of feasible solutions. Most of the combinatorial problems
are N'P-hard in nature, i.e., the execution time of any known exact algorithm for
solving such problems increases exponentially with the size of problem instance
and even the optimality of a proposed solution can not be verified in polynomial
time. Therefore, for most of these problems, applicability of exact methods is
limited to small instances only, and for solving even moderately large instances,
one has to resort to other methods such as heuristics and metaheuristics which do
not guarantee optimality, but can find high quality solutions in a reasonable amount
of time. This thesis is focused primarily on solving some NP-hard combinatorial
optimization problems through two metaheuristic techniques, viz. genetic algorithm
(GA) and evolutionary algorithm with guided mutation (EA/G). GA is a well known
evolutionary technique, whereas EA/G is a relatively new evolutionary technique
that can be considered as a cross between genetic algorithm and estimation of

distribution algorithm (EDA). EA/G has the features of both GA and EDA.

Six NP-hard problems with diverse characteristics have been addressed in this
thesis. These six problems are as follows: set packing problem, minimum weight
dominating set problem, dominating tree problem, order acceptance and scheduling
problem, single machine total stepwise tardiness problem with release dates and
registration area planning problem. These problems are not only challenging
from theoretical point of view, but also have many real world applications in
diverse areas such as networks, data mining, transportation and logistics, production
scheduling etc. We have developed hybrid EA/G based approaches for the first

four problems above. For the last three problems, we have developed hybrid



GA based approaches. For the fifth problem, viz. single machine total stepwise
tardiness problem with release dates, an artificial bee colony algorithm based
hybrid approach is also presented. In addition, we have modified problem-specific
heuristics and local search procedures for some of the aforementioned problems
to enhance their performance. Our approaches have been compared against the
state-of-the-art approaches. Computational results demonstrate the effectiveness of
our proposed approaches. Our approaches can be easily extended to solve several
related combinatorial optimization problems. Ideas presented in this thesis can
be used to develop metaheuristic approaches for a wide range of combinatorial

optimization problems.
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Chapter 1

Introduction

Combinatorial optimization problems occur in almost every walk of life. Some of these
problems also find their roots in theoretical computer science and mathematics. A combinatorial
optimization problem, which is discrete and finite in nature, seeks an optimal solution from its
large but finite set of feasible solutions. Such a problem is characterized by its combinatorial
structure and computational aspect. Also, it is easy to explain such a problem and its results.
However, these problems suffer from inherent combinatorial explosion property. This property
refers to a phenomenon in which the number of possible feasible solutions for such a problem
grows exponentially with the size of the problem’s instance. Any problem exhibiting such a
property has always perplexed researchers from both theoretical and practical points of view.
Though relevant literature suggests that combinatorial optimization is a relatively young
discipline, the trail of this subject can be traced far back in history. Historically, several
combinatorial optimization problems such as finding a shortest path from source to destination
and tour planning were known since long and considered in isolation. Impromptu solutions
were given to such problems in a particular context. However, towards the eighteenth century,
several new disciplines of mathematics focusing on needs of real world were being recognized.
Combinatorial optimization was one among these new disciplines. In this regard, Euler’s paper
on the Seven Bridges of Konigsberg in 1735 was first scientific breakthrough paper that laid the
foundation of graph theory, which in turn led to the emergence of combinatorial optimization as
an independent discipline of mathematics. This discipline is in constant evolution since then.
The development of mathematical linear programming by Kantorovich [3] and Dantzig [4]
was a further major step in legitimizing and fortifying this discipline. Later, with the advent

of continuously improving computers, the position of this discipline was further strengthened



1. INTRODUCTION

as researchers’ effort to solve these computational problems got reduced manifold. Towards
the late 1960’s, researchers observed that while several combinatorial optimization problems
such as minimum spanning tree problem can be solved optimally in polynomial time, there are
many others which illude polynomial time algorithms. A problems for which polynomial time
algorithms is unknown is particularly tantalizing because it looks similar to those problems that
can be solved in polynomial time. Such problems pose inherent difficulties to any approach that
is used to solve them. It is believed that such problems are intractable. Such complex problems

can be found in diverse disciplines including those with utmost practical importance.

1.1 Combinatorial optimization

Combinatorial optimization is a subject that deals with those optimization problems whose
objective is to find an optimal solution from its large, but finite set of feasible solutions.
Such optimization problems are called combinatorial optimization problems and include both
minimization and maximization problems. Optimality is defined with respect to some cost
function which is called the objective function. Such a problem is computational in nature and
consists of an infinite set of instances, where an instance of a problem refers to an input for this
problem. For example, maximum clique problem seeks a complete subgraph with maximum
number of nodes on a graph and any graph can be considered as an instances for this problem.

Formally, on a given instance, a combinatorial optimization problem P can be considered as
a triple (S, €2, f), where S is the set of all feasible solutions and is usually called search space
or solution space, (2 is the set of constraints that have to be satisfied by every feasible solution
and f is the objective function, which should be either maximized or minimized. To solve this
problem, one has to find a globally optimal solution s* € S. There may exist more than one
optimal solution to an instances of a problem, i.e., optimal solution need not be unique. In
case of a minimization problem, one has to find a solution s* with minimum objective function
value, i.e., f(s*) < f(s) V s € S. Similarly, in case of a maximization problem, one has to
find a solution s* with maximum objective function value, i.e., f(s*) > f(s) Vs € S. Itis
to be noted that by changing the sign of the objective function, a maximization problem can
be easily transformed into a minimization problem and vice-versa. In P, the variables, which
participate in building the solutions, are discrete quantities whose values are used in optimizing

the objective function. For example, in case of minimum spanning tree problem, variables are
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edges of the graphs and the weighs associates with those edges which are part of the spanning
tree contribute to the cost of that spanning tree.
The combinatorial optimization problems based on their nature can be broadly divided into

three classes which are as follows:

1. Subset selection problems: These problems seek an optimal subset of objects from a given
set of objects under certain constraints. Common examples of subset selection problems
include maximum clique problem, minimum spanning tree problem, knapsack problem

etc.

2. Permutation problems: The goal of these problems is to arrange a given set of items in
an optimal order subject to some constraints. Traveling salesman problem and single

machine scheduling are two common examples of permutation problems.

3. Grouping problems: Given a set of items, these problems seek an optimal assignment of
these items into various groups without violating any constraint. Bin packing problem,

graph coloring problem and clustering are well known examples of grouping problems.

However, some combinatorial optimization problems have characteristics of more than
one class, i.e., these three classes are not disjoint. For example, multiple traveling salesman
problem have characteristics of grouping as well as permutation problems, multiple knapsack
problem involves aspects of subset selection as well as grouping. Likewise, single machine order
acceptance and scheduling problem [5], where only a subset of orders need to be scheduled
for processing on a single machine has aspects of subset selection and permutation problems.
Similarly, fixed job scheduling problem under spread time constraints [6], where only a subset
of jobs can be scheduled on fixed number of identical processors posses characteristics of all
three classes.

While polynomial time algorithms are known to optimally solve some combinatorial opti-
mization problems only, there exists many other combinatorial optimization problems which
are NP-hard, i.e., the execution time of any known exact algorithm for solving such problems
grows exponentially with the size of problem instance and even the optimality of a proposed
solution can not be verified in polynomial time. Here it is worthwhile to mention that a problem
may be NP-hard in general, but it may admit a polynomial time algorithm in some particular
cases. For example, several NP-hard graph problems such as maximum clique problem, max-cut

problem can be solved in polynomial time for planar graphs. Hence, the use of exact methods for
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solving N'P-hard problems is limited to either small sized instances only or instances involving
polynomially solvable cases. However, more often than not, the nature and size of the instances
render an exact algorithm non-viable. This is equally true for many real world problems also.
These are the situations where instead of searching for a guaranteed optimal solution, one has
to resort to those methods that can find high quality solutions in a reasonable amount of time.
Such methods which have been attracting massive attention from the research community since

the last several decades are collectively known by the name approximate methods [7].

1.2 Approximate methods

Approximate methods usually provide optimal or near optimal solutions to combinatorial
optimization problems, however, they do not guarantee for optimality. These algorithms usually
runs in polynomial time. Since the search (solution) space of a NP-hard problem, in general,
is rugged and contains large number of locally optimal solutions some of whom are of quality
similar to globally optimal solution, therefore, these algorithms may return solutions that are
close to optimal solution in terms of objective function value, but may be quite far from the
optimal solution in the search space. Approximate methods can be broadly classified into

following four categories:

e Heuristic refers to an intuitive method which exploits the structure of the problem under
consideration to solve it. Usually, a heuristic quickly finds a pretty good solution. However,

there is no guarantee that solution returned by a heuristic can not be arbitrarily bad.

e Metaheuristic is a general algorithmic framework which can be adapted without much
modifications to solve different optimization problems. A metaheuristic can be perceived
as a general purpose heuristic which directs underlying problem-specific heuristics to-
wards promising regions of the search space [7]. Most metaheuristics require the problem
to be represented in a suitable form prior to their application. Some prominent examples of
metaheuristics are genetic algorithms [8, 9], tabu search [10, 11], ant colony optimization

[7, 12], artificial bee colony algorithm [13] etc.

e Approximation algorithm is a heuristic that is guaranteed to return a solution which is

within a certain factor of optimal solution.
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e The fourth category of approximate methods include those methods which are obtained
by terminating an exact method prematurely. For example, a mixed integer linear pro-
gramming solver for a problem can be forced to terminate after some specified interval of
time and output the best solution found in that time interval in case it is able to find any

solution.

However, theoretical results are available for many combinatorial optimization problems,
which forbid the existence of good polynomial time approximation algorithms for them. Even
terminating an exact method prematurely may not help in many cases as it may produce either a
very poor solution or no solution at all. Under these circumstances, the only choices left are
heuristics and metaheuristics. To obtain a good approximate solution in most of these cases, a
hybrid approach is used where a metaheuristic is combined with a problem-specific heuristic.
This thesis is focussed primarily on two metaheuristic techniques, viz. genetic algorithms and

estimation of distribution algorithms which belong to the broad class of evolutionary algorithms.

1.3 Evolutionary algorithms

Evolutionary algorithms (EAs) are a broad class of stochastic optimization algorithms that
work on the mechanisms inspired by biological evolution. The mechanisms that include
selection and genetic operators such as recombination and mutation are stochastic in nature.
All EAs follow an iterative process. Each iteration of an EA is called a generation. All EAs
maintain a population of candidate solutions with associated fitness values which evolve over
generations based on a “survival of fittest strategy”. The inception of EAs took place during
1960s with the development of three algorithms exploiting the basic principles of natural
evolution independently. In USA, Fogel and Houck [14] developed evolutionary programming,
while Holland [8] developed genetic algorithm. Meanwhile, in Germany, Rechenberg and
Schwefel [15] developed evolutionary strategies. Since then, EAs have been attracting lots
of attention world-wide because of their ability to find high quality solutions for difficult and
complex optimization problems and a number of EAs variants have been developed. Even
now, the new EAs are being developed continually. These various EA variants differ in the
manner solutions are represented inside the algorithm, new solutions are produced and selection
is carried out.

A general framework for an evolutionary algorithm is given in Algorithm 1.1 [16]. EAs start

with a population of solutions which are usually generated randomly. An iterative process takes
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over afterwards. During each iteration or generation, some population members are selected to
be parents. Genetic operators are applied on these parents to produce new offspring. Population

for the next generation is selected from the current population members and newly produced

offspring. This process is repeated till the termination condition is satisfied.

Algorithm 1.1: A general framework of an evolutionary algorithm

1: Initialize the population with randonly generated solutions;

: Evaluate the fitness of each solution in the population;

- while Termination condition not satisfied do

Perform parents selection;

Evaluate newly generated solutions;

Select population for the next generation;

- end while

2
3
4
5: Apply genetic operators to generate new offspring;
6
7
8

Table 1.1: Terms commonly used in genetic algorithms

Term

Meaning

Phenotype

Genotype or Chromo-

some

Gene or Locus

A solution to the problem under consideration
A representation of a solution in a form suitable for applying
genetic algorithm

A position in a chromosome

Alleles or Alphabet A set of possible values for a gene
Population A set of chromosomes participating in evolution
Generation A single pass from the present population to the next one
Fitness A measure of quality of a chromosome on the actual problem
. The conversion of a genotype into its corresponding phenotype
Evaluation ) )
and the calculation of its fitness
The space consisting of all possible solutions to the problem under
Phenotype Space

Representation Space

or Genotype Space

consideration
The space containing all possible genotypes of the problem under

consideration
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1.4 Genetic algorithm

Genetic algorithm (GA) is the most widely used metaheuristic technique among the evolutionary
algorithms. GA was proposed by Holland [8] in 1960s. Further developments in GA were
carried out by by Holland and his research group during 1960s and 1970s. Holland developed
GA with the intention of simulating and studying evolutionary adaptation as it occurs in nature.
Only later GA found use in solving various kinds of optimization problems. The main reason
behind the success of GA is its robustness and its ability to explore several possible regions
of the search space simultaneously. GA supports implicit as well as explicit parallelism. The
implicit parallelism is inherent in GA, a fact proved by Holland in his famous schema theorem.
Explicit parallelism in GA can be exploited by manipulating and evaluating different individuals
of the population in parallel. The ability of the genetic algorithm to mimic evolution and thereby
enabling solutions to adapt according to their environments makes it highly useful for solving
complex optimization problems.

As GA makes use of a number of biological terms, it is necessary to define these terms in
the context of GA before any further discussion. Table 1.1 defines the commonly used terms in
GA.

GA starts with a population of candidate solutions (also called chromosomes) to a particular
optimization problem under consideration. Usually, each candidate solution is generated
randomly. However, problem-specific heuristics can also be used to generate potential candidate
solutions in order to get a better start. The size of population may depend upon the problem.
The fitness of each individual (solution) in the population is computed with the help of a fitness
function which assigns a score to each individual in the population that indicates how much
better a solution is in comparison to others. Once the fitness of each individual in the population
is computed, then the evolution starts through an iterative process.

In each iteration or generation, a parent set (also called mating pool) is formed by selecting
(with repetition allowed) some members of the current population with the help of a fitness-based
selection method. In this selection method, fitter individuals are more likely to be picked. The
reason behind such a strategy is that fitter individuals in the parent set are more likely to produce
offspring having even higher fitness. Next, the individuals in the parent set are permitted to
participate in the reproduction process where new individuals (offspring) are produced through
genetic operators such as crossover and mutation. In crossover or recombination, usually the

genes of two individuals (also called parents) are recombined to generate one or two new
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offspring. So, some genes of each offspring will be from one parent and the remaining will be
from the other parent. In mutation, an exact copy of a parent solution is generated, then some
random changes, relevant to the problem under consideration, are made in the gene values of the
offspring chromosome. Both crossover and mutation operators are used with a fixed probability
called crossover rate and mutation rate respectively. While the crossover rate controls what
fraction of old generation will move to the next generation through crossover, the mutation
rate controls how many genes of a chromosome will be mutated. Since, both operators are
applied with some probability, therefore, some individuals of old generation will pass to the next
generation unaltered. This reproduction results in the creation of new population — called new
generation of the population. This new generation is now evaluated. The whole iterative process
is repeated until the termination criteria is met. The termination criteria may consist of a fixed
amount of CPU time or the number of solutions generated or the total number of generations or
the number of consecutive generations without improvement in quality of the best solution.
The convergence analysis of a stochastic optimization method can only provide information
about the average or expected behavior. GA is also a stochastic optimization method as it
utilizes a combination of at least three stochastic operators (selection, crossover and mutation).
Also many different variants of each stochastic operator have been proposed since its inception.
As a result, it is hard to investigate general convergence behavior of various GAs in such
circumstances, as different operators affects the convergence in its own way. However, Holland
[8] was the first one who tried to provide the theoretical foundation of GA through his schema
theorem. This theorem addressed the fundamental question about what information is contained
in the population of strings (chromosomes) to guide the GA towards better and better solutions.
The general idea behind this theorem is that a string (chromosome) in the population can
be seen as a sample of the quality of many different subspaces or hyperplanes of the search
space. A schema is a string template in which a subset of positions have fixed alleles, while
alleles at other positions can vary over an allowable set (alphabet). For example, in case of
binary representation of a string, the schema *111%, where positions 2, 3 and 4 are fixed while
other remaining positions are associated with ‘“*’ or don’t care symbol, matches with a string
(chromosome) if the string matches the schema at its fixed positions. The chromosomes 01110,
11110, 11111, 01111 match the schema described above. The order of a schema is the number
of fixed positions, and the defining length of a schema is the distance between its two farthest
fixed string positions. For the above schema, the order is 3 and the defining length is 2. Since

a string (chromosome) of length [ matches 2! schemas, therefore, evaluation of the fitness of
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a chromosome implicitly provides a sample of the fitness of all the schemas to which this
chromosome belongs. The schema theorem suggests that short, low-order schemas whose
average fitness remains above the mean will receive exponentially increasing number of trials in
successive generations. Goldberg [9] termed short, low order, highly fit schemas as building
blocks and proposed the building block hypothesis. This hypothesis states that the GA seeks
near optimal performance through juxtaposition of building blocks.

It is to be noted that the genetic algorithm described in this section will be referred to as
simple genetic algorithm to distinguish it from the genetic algorithm discussed in next two

sections for permutation and grouping problems.

1.4.1 Representation of individuals

The representation of candidate solutions in the GA plays a significant role in its success. A
chromosome or genotype should represent a phenotype in most natural way so that the notion
of distance in phenotype space should be preserved in representation space. A representation
scheme should be able to represent all phenotypes and should have minimum redundancy. A
representation scheme is said to have redundancy when for a phenotype more than one genotype
is possible. Presence of redundancy makes the size of the representation space larger than the
phenotype space. As GA works in representation space, it has to search a larger space. This can
affect the performance of GA adversely [17]. Deciding a suitable representation for a problem
is a difficult task that comes with practice and experience only.

Though there exists many schemes to represent a solution in a simple genetic algorithm,
binary representation, integer representation and real-valued representations are most commonly
used. Here, we will discuss the first two representation schemes as these two schemes find use

in subset selection problems.

1.4.1.1 Binary representation

This is the oldest and simplest way to represent a candidate solution. Chromosome is made up of
binary digits 0 and 1. The length of the chromosome is decided by the parameters involved and
the precision required. Chromosome length is fixed in the simplest case. Binary representation
is natural for subset selection problems where each position corresponds to a particular item
and the value of 1 at a position indicates the presence of the corresponding item in the subset,

whereas the 0 indicates the absence. This representation leads to fixed length chromosomes for
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subset selection problems. However, binary representation is not suitable in some cases, e.g.,
using binary strings to represent integers or real numbers is not natural and one can get better

results by utilizing the integer or real valued representations directly.

1.4.1.2 Integer representation

This representation is preferable where the genes can take a value from a set of values. For
example, integer representation is natural for a problem where the objective function involves
a set of variables all of whom can take integer values. The set of values that a gene can take
can be finite or infinite. This representation is also in use for subset selection problems. To use
this representation, items are numbered from 1 to n, where n is the total number of items and a
subset is represented directly be the set of items it contains. Clearly, this representation leads to
variable length chromosomes for subset selection problems.

The set of permissible values for genes can be ordinal or cardinal [16]. In case of ordinal
values, a predecessor and successor relationship can be established among these values, whereas
in case of cardinal values no such relationship exists among these values. Our first example
above of a problem where the objective function involves a set of variables all of whom can
take integer values involves ordinal values. On the other hand, genes in case of subset selection

problems are inherently cardinal.

1.4.2 Recombination

It is based on the idea that offspring produced by mating two different individuals with desirable
features have desirable features of both the parents. However, outcomes can be worse also, but
some better offspring will definitely be produced when recombination is applied many times.
While designing recombination operator, one must take into account the nature of problem
under consideration and the solution representation scheme. Therefore, recombination operators
are proposed according to the solution encoding strategies. We have used recombination and
crossover interchangeably throughout the thesis. However, recombination term can be used even
when more than two parents participate in reproduction process, whereas in case of crossover

conventionally it is assumed that exactly two parents participate.
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1.4.2.1 1-point crossover

This was the original crossover operator developed by Holland [8] for use in genetic algorithms.
Applicability of this crossover is not limited to any particular solution representation scheme,
but it is mostly used with binary and integer representations. In this crossover, a single crossover
site is chosen randomly in the interval [0, n-1], where n is length of string, and the substring after
that crossover site are swapped between the two parents to generate two offspring. Figure 1.1
illustrates this crossover. This crossover suffers from the problem of positional bias. Two genes
which are at the opposite ends of a chromosome will always be separated irrespective of the

quality of the schema they are forming.

po|t]ofofufrfrfofofofo] «[tfofofurfurjojojujo]i]

plt]t]1]o]t]olof1]olt]| ewf[t]t]1]o]t]1]ofo]o]o]

Figure 1.1: 1-point crossover

1.4.2.2 k-point crossover

k-point crossover is a generalization of 1-point crossover where k crossover sites are chosen
randomly in the interval [0, n-1]. These k crossover sites divide the child chromosomes into
k + 1 segments. Two children are generated by copying alternative segments from the parents.
This crossover also has positional bias. Usually, £ = 2 and in that case this crossover is called

2-point crossover. Figure 1.2 shows k-point crossover for k£ = 2 with the help of an example.

mlt|o]Jof[t]1]1]o]olojo| eal|1]o]ofof1]o]o|1]o]1]

p[TTi i L0l il o[ TTo]t] e [i[i[i1]1]i[o]i[o]1]

Figure 1.2: k-point crossover
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1.4.2.3 Uniform crossover

In uniform crossover [18], each location is considered separately. For each location, a random
number is generated uniformly in the interval [0, 1]. If this number is less than a predefined
value p (usually 0.5), then the corresponding gene for the first child is taken from first parent,
otherwise from second parent. Similarly, the second child is generated by interchanging the role
of two parents. Figure 1.3 illustrates uniform crossover for p = 0.5. Performance of uniform
crossover via-a-vis traditional 1- or 2-point crossover has been analysed from both theoretical

and experimental point of view by [19] and more recently by [20].

p[Tlolo[TTT11[0]ololo] «[ilofool1]1]o]o]o]o]

pplt|t]1]ol1]o]of[1]o]1 caf1]ofojof1]o]ofofo]o]

‘ 8 ‘ 3 ‘ 4 ‘ .6 ‘ 9 ‘ .5 ‘ v ‘ 3 ‘ 2 ‘ 2 ’ <— Generated random number for each position

Figure 1.3: Uniform crossover

1.4.3 Mutation

The aim of mutation is to maintain sufficient diversity in the population. It also aids in exploring
new regions of the search space. A single parent is selected for mutation and a new offspring is
generated by making some random change in it. Usually, mutation does not have any positional
bias. For different types of representation schemes, different mutation operators have been

proposed.

1.4.3.1 Bitwise mutation

Bitwise mutation is applied on binary representation of genotypes. Each bit is considered
separately and is flipped with small uniform probability. Figure 1.4 illustrates bitwise mutation

operator.

12
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Figure 1.4: Bitwise mutation for binary representation

1.4.3.2 Random reset mutation

Random reset mutation is an extension of bitwise mutation and is used for integer encoding.
For each position, a new value is chosen uniformly at random from all permissible values for
that position. This operator is recommended, where permissible values are cardinal. Figure 1.5

illustrates this mutation where each gene can take one of the alleles 1, 2, 3 and 4.

Figure 1.5: Random reset mutation for integer representation

1.4.3.3 Creep mutation

This mutation is designed for use with ordinal values in integer representations. In this mutation
the value of a gene is more likely to be mutated to nearby values. For example, in Figure 1.5 if
the permissible values were ordinal then the probability of 2 mutated to 1 or 3 will be more than

2 mutated to 4.

1.4.4 Population models

Population model determines the composition of next generation in terms of individuals’ origin.
There are mainly two population models, viz. generational and steady-state [21]. The genetic
algorithm that uses the former model is called generational genetic algorithm and that uses the

latter is called steady-state genetic algorithm.

1.4.4.1 Generational model

In generational model, after each generation the entire population is replaced by the newly

generated offspring.

13
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1.4.4.2 Steady-state model

In steady-state model, only a small fraction of population is replaced by the same number of
newly generated offspring every generation. Usually, only a single offspring is produced during
each generation that replaces a less fit member of the population. In this strategy, best solutions
are always retained in the population, and generated offspring is available for selection and
reproduction immediately. These two factors aid in finding better solutions faster. Moreover, in
this strategy, multiple copies of the same solution are also forbidden in the population, i.e., the
generated child is included into the population by replacing a less fit member only when it is
different from all the existing population members. This prevents premature convergence, which
is a common phenomenon in generational model. Actually, in generational model, multiple
copies of the same solution may exist in the population. Usually, such solutions are highly fit
solutions, and as a result, within few generations they start dominating the entire population,
thereby making crossover totally ineffective and mutation the only way to improve the solution
quality. Therefore, improvements, if any, in the solution quality are very slow. Such a situation

is known as premature convergence.

1.4.5 Selection methods

Different selection methods basically differ in terms of selection pressure and degree of random-

ness employed to select the parents. Three types of selection methods are normally used.

1.4.5.1 Fitness proportionate selection

Fitness proportionate selection method was developed by Holland [8]. It is used to choose
potential individual from the population to add into the parent set or mating pool. The probability
of selection of an individual is proportional to the absolute fitness of that individual compared
to rest of the individuals in the population. The probability p; of selection of an individual 7 is

calculated as
fi

N
> 7
j=1

where f; is the fitness of the individual ¢ and NV is the population size. This probability governs

pi =

how many copies of an individual can go to the mating pool. To map these probabilities to exact

numbers so that their sum is equal to the size of the mating pool, different sampling methods are

14
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used. Roulette wheel algorithm [9] and stochastic universal sampling [22] are most commonly
used sampling methods. In both of these methods, different individuals of the population are
mapped to non-overlapping sub-intervals of [0, 1] according to their selection probabilities. For
example, if there are three individuals in the population with selection probabilities 0.3, 0.5 and
0.2 ,then these three individuals can be mapped to [0, 0.3], (0.3, 0.8] and (0.8, 1.0]. In roulette
wheel method, to choose an individual for the mating pool, a random number is generated in [0,
1] and the individual under whose sub-interval the generated random number falls is included
into the mating pool. This process is repeated till the desired number of individuals say Npg
are added into the mating pool. In case of stochastic universal sampling, a random number
is generated in [0, 1] and Npg equally spaced values are generated in [0, 1] considering this
random number as one of these Npg values. An individual is copied to the mating pool as many
times as there are values among these Npg values falling under its sub-interval.

However, fitness proportionate selection has following performance related issues:

e When genetic algorithm begins, the gap between solutions fitness among population mem-
bers is very high. Due to this fitness gap, the highly fit individuals and their descendent

can take over the entire population very quickly. This leads to premature convergence.

e Almost all solutions come closure to each other, in terms of fitness, after some generations.
This makes selection probabilities of almost all solutions roughly the same, thereby

rendering fitness proportionate selection ineffective.

To overcome these shortcomings, various scaling methods are used [23].

1.4.5.2 Ranking selection

Ranking selection method [22] was proposed to overcome the shortcoming of fitness propor-
tionate selection. Ranks are assigned to solutions according to their relative fitness rather than
absolute fitness. A mapping function is used to map ranks to selection probabilities so that
better solutions may get more chance. The selection pressure can be changed by changing
the mapping function or some control parameters in it, e.g. exponential mapping has higher
selection pressure in comparison to linear mapping. The mapping function gets affected by the
population model. In steady-state model, only one solution is replaced, so effect on ranks of the
remaining solutions will be very less compared to generational model where entire population is

replaced.
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1.4.5.3 Tournament selection

Tournament selection method does not use the knowledge of the entire population. In other
words, we can say that it does not use global information about the solutions in the population.
Binary tournament selection is the simplest and most commonly used form of tournament
selection method where exactly two individuals are selected uniformly at random from current
population and the better one between these two is added into mating pool with a higher
probability p, otherwise the worse one is added. In terms of selection pressure, binary tournament

selection is similar to ranking selection but it is computationally more efficient [24].

1.4.6 Survivor selection

Survivor selection methods decide which individuals will survive after each generation. A
number of survivor selection schemes have been suggested and the most commonly used are the

following:

e Age-based replacement in which each individual exists in the population for some fixed

number of generations.

e Fitness-based replacement in which either some best individuals (elites) in the population
are always preserved or some worst members are replaced. Moreover, schemes described

in previous subsection for parents selection can be adapted for survivor selection also.

1.5 Genetic algorithm for permutation problems

For permutation problems, the order in which the objects are arranged matters rather than the
values or labels of objects. These problems can be divided into two categories. In the first
category of problems, ordering among objects have importance, whereas in the second category
of problems, adjacency between objects have importance. Job shop scheduling problem is
an example of first category of problems, whereas traveling salesman problem is an example
of latter. Usually, the first category of permutation problems are referred to as order-based
problems, whereas the latter category of problems are referred to as adjacency based problems
[16]. Permutation representation is natural and most suitable representation for both categories
of permutation problems. In this representation, each position has an unique allele and each
allele must be present in the chromosome. And also, genetic operators such as mutation

and crossover should be designed in such a way that they should preserve the permutation
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property. None of the genetic operator discussed in the previous section in combination with
any of the representation schemes discussed so far are capable of preserving the permutation
property. Hence, permutation representation requires its own genetic operators and a number
of such dedicated operators have been proposed in the literature. Though there exists other
representations also for permutation problems (e.g. random key encoding [25]), here we will
discuss permutation representation and associated genetic operators only. The permutation
representation used throughout this thesis assumes that a value of 7 at the j* position in the

permutation indicates that object 4 is at j*" position in the permutation.

1.5.1 Recombination

Several crossover operators have been proposed keeping in mind the characteristics of permuta-

tion problems. Some of the most commonly used ones are described below.

1.5.1.1 Partially matched crossover (PMX)

Goldberg and Lingle [26] had proposed this crossover for traveling salesmen problem. This
crossover operator is suitable for adjacency-based problems and is widely in use. Two crossover
sites are selected uniformly at random, and then the alleles in the two parents at the same
position in between these two crossover sites are matched. Then this crossover operator swaps
the positions of the matched alleles in each of the two parents separately to produce two offspring.
The example depicted in Figure 1.6 has two crossover sites and the positions of 3 & 3, 1 & 10, 2
& 4 are swapped in the both the parents. One of the shortcoming of PMX crossover is that it

fails to preserve the adjacency information that is common in both the parents.

plal3]1]2]s]7]w0]6]s]9] al2]3|10/4][5][7]1]6]8]9]

p2]3]00 )4 7 6]1]8]9]5] e|4]3]1]2]7]6]10][8]9]5]

Figure 1.6: PMX Crossover

1.5.1.2 Order crossover

The order crossover operator suites circular permutation problems and it was proposed by Davis

[21]. Two crossover sites are chosen uniformly at random. Substring between these two sites
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from first parent goes to the exactly same positions in the first offspring. Now, starting from the
second crossover site in the second parent, the rest of the alleles are copied in the first offspring
in the same order as they are in the second parent treating chromosome as circular. Similarly,
the second offspring is generated by reversing the roles of two parents. Figure 1.7 illustrates the

order crossover.

plaf3]t]2fs[7]w0]e[8][o] «l4]3[t]2]s|7][8][0[3]10]

—

e (21 [NONBEGY 1[5 515] o (2] [NONBMGT s[5 5] 1)

Figure 1.7: Order crossover

1.5.1.3 Cycle crossover

The cycle crossover was proposed by Oliver et. al. [27] with the intention of preserving as much
as possible, the absolute position of alleles. This is achieved by dividing the alleles into cycles
according to the composition of the parents. Here cycle is defined as a subset of alleles in the
string. In each cycle, each allele occurs in pairs when the two parents are aligned. The method

for generating an offspring is as follows:

1. The first unused position a of the first parent is chosen.
2. The allele at position a of the first parent is inserted into the child at the same position.

3. The allele in the second parent at the position a is noted and its position in the first parent

is traced. Now a is reset to this location.

4. Repeat steps (2) and (3) until the allele which was selected first in this cycle is encountered

again. When this happens, current cycle ends.

5. If any unused position is left, interchange the two parents and goto step (1), otherwise

stop

Another offspring can be generated by reversing the role of two parents. Figure 1.8 illustrates

the cycle crossover where different cycles are shown in different shades.
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mlt]2]3[4]s5]e]7 |88 10| a|1|2]3[6]5[4]7 809 10|
pl2]3]10]6]7[4]1[008]5] |2|3]10[4]7][6]1[9)8]5 |

Figure 1.8: Cycle crossover

1.5.1.4 Uniform order based crossover

Uniform order based (UOB) crossover [21] was designed for order-based permutation problems.
UOB crossover tries to copy alleles at each position of the first parent with probability p (Usually,
p = 0.5) to the first child at exactly the same position. The remaining vacant positions are filled
from the unused alleles in exactly the same order as they are in the second parent. Similarly,
second child can be produced by exchanging the roles of two parents. Figure 1.9 illustrates

UOB crossover with p =0.5.

n 31slil2ls[70]6[5]8] o [@]3)i]2]s[7]6[5]9]
re [ IO & 1 185 180 [ O 7 [ 61 11

‘ .6 ‘ .5 ‘ 4 ‘ 3 ‘ 1 ‘ .8 ‘ 9 3 ‘ i ‘ 4 ’ <— Generated random number at each position

Figure 1.9: Uniform order based crossover

1.5.2 Mutation

Unlike simple genetic algorithm, where each gene is considered independently for mutation,
in permutation representation, genes can not be considered independently. To overcome this
problem, a number of suitable mutation operators have been proposed. The most common
mutation operators for order-based problems are swap mutation, insert mutation and scramble

mutation. For adjacency-based problems, inversion mutation is most suitable.
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1.5.2.1 Swap mutation

Randomly, two positions are selected and the alleles at these two positions are swapped. In

Figure 1.10, swap mutation is depicted, where alleles 3 and 9 are swapped.

al2]1]3]6]7]|s5][s8][9]10]|=>[4]2]1]9]6]7|5|8][3]10]

Figure 1.10: Swap mutation

1.5.2.2 Insert mutation

Randomly two different positions are selected and allele at second position is inserted immedi-
ately after the first position by shifting all the alleles affected one place towards the end. This is

shown in Figure 1.11 where allele 9 is inserted immediately after the allele 3.

4121113(]6|7[5|8/910|—[4|2|1]3]9|6|7|5|8]|10

Figure 1.11: Insert mutation

1.5.2.3 Scramble mutation

Entire chromosome or a part of it is selected and alleles inside the selected portion are scrambled

to produce a new chromosome. In Figure 1.12, the substring 3, 6, 7, 5 are scrambled.

al2l1]3]el7]s5]s]o]w0|=[4]2]1]6]|5][7|3]8][9]10]

Figure 1.12: Scramble mutation

1.5.2.4 Inversion mutation

A permutation problem in which the adjacency of objects matters rather than relative ordering
of objects, inversion mutation is most suitable. In this mutation, a substring is selected randomly

and then the selected substring is inverted. Figure 1.13 illustrates the inversion mutation.
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al2|1]3]el7]5]8]9]w0]=[4]2]1]3]6]9|8]5]/7]10]

Figure 1.13: Inversion mutation

1.6 Grouping genetic algorithm (GGA)

Similar to permutation problems, grouping problems also require special attention as far as
chromosome representation and genetic operators are concerned. Miihlenbin [28] observed
that using the simple genetic algorithm for a given solution with g groups will have ¢! distinct
chromosomes to represent it. The degree of redundancy, using simple genetic algorithm,
grows exponentially with number of groups, and hence, the simple genetic algorithm is not
recommended for solving grouping problems. Also, a number of genetic algorithms have been
proposed for solving grouping problems which represented chromosome as a permutation of
objects and employed appropriate heuristics to decode a permutation into a valid solution for
their respective grouping problems. However, permutation representation also suffer from
redundancy when used for encoding a solution to a grouping problem [29]. Moreover, genetic
operators used in simple or permutation-coded genetic algorithms are context insensitive and
too much disruptive when applied to a grouping problem. Actually, building blocks in these
genetic algorithms are not at all based on information about groups which is vital for solving any
grouping problem. Falkenauer [29] introduced grouping genetic algorithm (GGA) to overcome
these shortcomings. GGA employs altogether different solution representation scheme and

genetic operators which are designed keeping in mind the special structure of grouping problems.

1.6.1 Representations in grouping genetic algorithm (GGA)

In the representation suggested by Falkenauer [30], chromosome consists of two parts. First part
is called the standard object part and the second part is called the group part. Standard object
part keeps the information about the group of each object. Group part simply lists the groups
present in the standard object part on the basis of one gene per group. For example, consider the

following chromosome for a grouping problem instance with ten objects:

ABACCDBABD:ABCD
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The first part of the chromosome identifies each object with a group, i.e., this part shows that
object 1 belongs to group A, object 2 belongs to group B, object 3 belongs to group A and so
on. On the other hand, second part lists all the groups present in the chromosome, viz. A, B,
C and D. There are many grouping problems such as bin packing problem where the number
of groups may vary from one solution to another, and as a result, length of chromosome for
such problems varies. Chromosome is of fixed length for those grouping problems, where the
number of groups are fixed in advance, e.g., multiprocessor scheduling problem with minimum
makespan objective. Usually but not always, genetic operators designed for this scheme utilize
group part only. This scheme however suffers from redundancy, because group labels can be
interchanged without affecting the solution represented, e.g. CACBBDACAD: CABD also
represent the same solution as ABACCDBABD:ABCD, where one group consists of objects
1, 3 & 8, another group consists of objects 2, 7 & 9, yet another group consists of objects 4 &
5 and yet another group is composed of objects 6 & 10. In this scheme, there is an ordering
among groups and results of genetic operators depend on this ordering. To reduce the effect of
ordering, Falkenauer [30] suggested an inversion operator.

Another possible representation for grouping problems is to encode each solution as a set of
groups [31], i.e., there is no ordering among groups. Depending on the problem, each group
is represented as a sequence or a set of objects. For example, solution corresponding to the
chromosome above can be represented as { {1, 3, 8}, {2, 7, 9}, {4, 5}, {6, 10} } in this scheme.
This scheme does not label groups, and hence does not suffer from the problem of redundancy
like the scheme described in the previous paragraph. Another advantage of this scheme is that
the result of genetic operators depends only on composition of groups, and not on relative
ordering among groups as there exists none. Hence, there is no need of inversion operator with

this scheme

1.6.2 Recombination

To create an offspring, crossover operator proposed by Falkenauer [30] inserts the groups
between the two randomly chosen crossover sites of the first parent at the first crossover site
of the second parent. This makes the solution infeasible as some objects now belong to two
groups. To restore the feasibility, such objects are deleted from the groups originally belonging
to the second parent. Depending on the problem, next step may consist of adapting the resulting
solution according to the hard constraints of the problem and cost function to optimize. In

many grouping problems, this step eliminates those groups that got altered by the insertion. The
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objects belonging to these eliminated groups are reinserted into the solution via some problem
specific heuristic. Second offspring can be produced in an analogous manner by reversing the
role of two parents.

Crossover operator for the second representation is based on iteratively copying groups
from one of the two parents to the offspring [31] and can be considered as analogue of uniform
crossover for grouping problems. During each iteration, one of the two parent is selected (either
alternately or with equal/unequal probability) and the group to be copied from selected parent is
usually chosen based on some suitable problem specific criterion, though a random selection
can also be made. Once a group has been copied to the offspring, objects corresponding to this
group is deleted from both the parents and any group which becomes empty during the process
is eliminated. Depending on the problem, all the affected groups can also be eliminated. This
process is repeated either till one of the two parents becomes empty or till a specified termination
condition is met. If some objects are left out in the offspring, then a problem specific heuristic is

used to assign these objects to the child solution

1.6.3 Mutation

Mutation operators for grouping problems are usually designed based on one of the following

strategies [30]:

e Eliminate some groups at random from the solution under consideration and then use
some problem specific heuristic to reassign objects of these eliminated groups to the

solution.

e Create a new group by moving objects from existing groups to it. The objects for
movement are chosen either at random or based on some policy. Remove any group that

becomes empty during this process from the solution.

e Randomly delete some objects from existing groups and then use some problem specific

heuristic for reassigning these deleted objects into the solution.

1.7 Estimation of distribution algorithm

There exists a class of evolutionary algorithms that works by constructing and sampling an

explicit probabilistic model that provides an estimation about the distribution of promising
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solutions in the search space [32]. Such algorithms are commonly known as probabilistic
modelling based genetic algorithms (PMBGA) or estimation of distribution algorithms (EDAs).
Estimation of distribution algorithm (EDA) [33, 34, 35, 36] is a relatively new variant of EAs,
which has no counter part in nature. Instead of using genetic operators such as crossover and
mutation, offspring in an EDA are produced by sampling an explicit probabilistic model that
estimates the distribution of promising solutions. The underlying principle of EDA is to start with
a population of solutions, then at every generation, a probabilistic model that tries to estimate the
distribution of the selected solutions (sub-population) of the current population is constructed.
After this, new offspring are generated by sampling this model. Finally, newly generated
offspring replace current population either partly or wholly depending on the implementation,
thereby creating the population for next generation. This process is carried out repeatedly until
some termination criteria is satisfied. In some other EDA variants, instead of building the
probabilistic model afresh during each generation, probabilistic model is based on promising
solutions found since the beginning of the algorithm, and hence, this model is updated during
each generation according to the composition of some selected solutions. Theoretical analysis
regarding the convergence behaviour of some classes of EDAs can be found in [37, 38, 39].

There are two important decisions to make while designing an EDA.

e What probability model to use for approximating the distribution of promising solutions

in the search space?
e How to sample the probability model to generate new offspring?

There are many ways to model the distribution of promising solutions depending upon the nature
of the problem under consideration. Similarly, there are many ways to sample the probability
model.

Mainly, three types of probability models are used in EDAs, viz. univariate, bivariate and
multivariate models. These three models are described below.

Univariate model is one of the simplest model to approximate the distribution of promising
solution in the search space. In univariate model, it is assumed that the variables are independent
of each other. In other words, interaction among the variables is ignored even if there is any.
Probability of any variable does not depend on any other variable, i.e., there is an unconditional
probability associated with each variable. Hence, in univariate model, the probability of

a candidate solution composed of n variables y1, yo, ..., Yy, is the product of probabilities
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of individual variables, i.e., p(y1, y2,...Yyn) = P(y1).p(y2) ... p(yn), where p(y;) is is the
probability of the variable y;.

Univariate marginal distribution algorithm (UMDA) [35] is a variant of univariate EDAs
that works on binary strings of candidate solutions and uses a probability vector to represent the
distribution of promising solutions. The probability vector is defined as p = (p1, p2,---, Pn)s
where p; is the probability of a 1 at the position ¢ of the binary string. During each generation,

probability for each position is calculated as follows:

Number of solutions in the sub — population having 1 at the i*" position

o 1.1
pi Total number of solutions in the sub — population (1.1)

Another variant of univariate EDAs is population-based incremental learning (PBIL) [33]
algorithm which also works on the binary strings. Like UMDA, it also uses probability vector to
represent the distribution. However, here probability vector models the distribution of promising
solutions since the beginning of the algorithm. PBIL starts by initializing all the values in the
probability vector to 0.5. With such an initialization of probability vector, initially all solutions
are equally likely to be generated upon sampling this probability vector. Then during each
iteration, some new solutions are generated by sampling the probability vector. A sub population
containing some best solutions among these newly generated solutions is formed and is used to

update each element of the probability vector in the following way:

- Number of solutions in the sub — population having 1 at the i*" position (12)
U4 .
! Total number of solutions in the sub — population

pi:(l—)\)*pi—i-(A*'Ui) (13)

where A € (0, 1] is the learning rate which is a parameter to be specified by the user.

Bivariate model is used for problems where pair wise interactions between problem variables
exist. This model takes into account these pairwise interactions. Several bivariate EDAs have
been proposed. The mutual-information-maximizing input clustering (MIMIC) [40] is a variant
in which a chain distribution is used to model the interaction between problem variables. Further,
Baluja and Davies [41] proposed combining optimizers with mutual information trees (COMIT)
method which was based on the use of dependency trees to model the distribution of promising
candidate solutions. This method was found to be better than MIMIC. Another algorithm called
bivariate marginal distribution algorithm (BMDA) [42] is based on the model in which several

mutually independent dependency trees are formed.
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There are many problems where there is a need to express the dependencies among the
several problem variables. Multivariate model is used for such problems. The extended compact
genetic algorithm (ECGA) [43] divides problem variables into different linkage groups and each
group is considered as a single variable. The estimation of Bayesian network algorithm and
learning factorized distribution algorithm [44] are based on the use of Bayesian network. The
other algorithms which work on the assumption of multivariate interactions among variables
are the hierarchical Bayesian optimization algorithm [45] and Markovianity based optimization

algorithm (MOV) [46]. An extensive description of these approaches can be found in [32].

1.7.1 EDA for permutation problems

The existing EDAs which were designed for integer domain problems can be used to solve
permutation-based problems by modifying the sampling step. The probabilistic model is sampled
by using probabilistic logic sampling algorithm [47]. Many other integer-based EDAs such as
UMDA [48], MIMIC [49], dependency-trees [50] have been used to solve permutation problems.
Another way to deal with permutation problems through EDASs is to use real-valued EDAs in
combination with random key encoding [25].

Apart from these two ways, many permutation-based EDAs are also proposed to deal with
permutation problems. Bengoetxea et al. [49] proposed an approach which is based on Bayesian
network model. Pelikan et al. [50] proposed a dependency-tree model based EDA (dtEDA)
to deal with permutation problems. Edge histogram based sampling algorithm (EHBSA) [51]
and node histogram based sampling algorithm (NHBSA) [52] ware also proposed. A recent
addition to the list of EDAs for permutation problems is a distance-based ranking model [53]

that is based on the generalized Mallows model [54].

1.8 Evolutionary algorithm with guided mutation

Evolutionary algorithm with guided mutation (EA/G) is a recent addition to the family of
evolutionary algorithms. It was developed by Zhang et al. [55]. EA/G can be considered as a
cross between genetic algorithm (GA) and estimation of distribution algorithm (EDA). EA/G
has the features of both GA and EDA. As discussed already, GA uses genetic operators such as
crossover and mutation to generate an offspring from the selected parents. GA directly utilizes
only the location information of the solutions and does not make use of global information about

the search space which can be collected by keeping track of all the solutions generated since
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the beginning of the algorithm. On the other hand, EDA relies only on a probability model to
generate an offspring. This probability model characterizes the distribution of the promising
solutions in the search space. An offspring is generated by sampling this probability model.
Contrary to GA, EDA does not directly utilize the location information of solutions. Here, by
the location information of a solution, we mean the information that can uniquely identify a
solution in the search space of all solutions.

EA/G was developed to combine the best of both worlds, i.e., EA/G utilizes the location
information of the solutions like GA and the global statistical information about the search space
like EDA while generating an offspring. EA/G uses a mutation operator, called guided mutation
(GM), to generate offspring. Guided mutation generates a new solution considering both the
location information about the parent solution as well as the global statistical information
about the search space, i.e., a solution is generated partly by sampling a probability model
characterizing the global statistical information and partly by copying elements from its parent.

Though, Zhang et al. [55] proposed EA/G approach in the context of maximum clique
problem, a general framework for EA/G can be extracted from their description. This general
framework is presented in Algorithm 1.2. EA/G uses a probability vector p = (p1, p2 ... pn)
to model the distribution of promising solutions in the search space since the beginning of
algorithm in a manner which is exactly same as PBIL [33]. This probability vector is also
updated in the same manner as PBIL. However, the probability vector is initialized differently.
Each element p; of this probability vector is initialized based on the composition of initial

population in the following manner.

Number of solutions in the initial population having 1 at the i*" position

: Total number of solutions in the initial population (14)

As already mentioned, guided mutation operator generates an offspring partly by sampling
the probability vector p and partly by copying elements from its parent. Algorithm 1.3 provides
the pseudo-code of guided mutation operator where [ is a parameter that controls the relative
contribution of probability vector p and parent solution in the creation of offspring. Zhang et al.
[55] applied guided mutation multiple times on the best solution of the population based on the
proximate optimality principle (POP) [56]. The POP assumes that good solutions have similar
structure.

Here, it is to be noted that EA/G also used the concept of partitioning the search space in the

context of maximum clique problem. Idea was to explore different subspaces during different
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Algorithm 1.2: The general framework of EA/G
1: t <+ 0;

2: Generate an initial population Pop(t) consisting of N random solutions;

3: Initialize the probability vector p;

4: Select best % solutions from Pop(t) to form a parent set parent(t), and then update the probability
vector p;

5: Apply the GM operator % on the best solution of population to generate % solutions. Apply a repair
operator on the newly generated solutions if necessary. Add all newly generated solutions along with
those in parent(t) to form Pop(t+1). If the stopping condition is met, return the best solution found
so far;

6: t+—t+1;

7. If all the solutions are equivalent, then re-initialize Pop(t) and then go to step 3;

8: Go to step 4;

Algorithm 1.3: The pseudo-code of guided mutation

1: Guided mutation operator y = GM (p, z, B);
2: Input:

3 p = (p1, p2, ---, Pn) Where p € [0, 1]™;

x = (z1, 2, ..., o) Where x € {0, 1}";
g €10, 1™

: Output:

o = (01, 02, ..., Op);

:fori = 1 ton do

° ® 0ok

Generate a random number 71 such that 0 < r < 1;
10: if r; < S then

11: Generate a random number 9 such that 0 < r < 1;
12: if r2 < p,; then

13: 0;,=1;

14: else

15: 0; =0;

16: end if

17: else

18: 0; =,

19: end if

20: end for

search phases. The subspace was partitioned based on the size of the largest clique found so far
and the search process was guided to a new subspace as soon as a clique better than the largest
clique so far is found. This subspace consists of all subgraphs whose cardinality exceeds the

largest clique by at least 1 and at most A. However, this kind of partitioning can not be applied
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on all problems. For example, no such partitioning can be done in case of maximum weight
clique problem where cardinality of the clique with largest weight may be less than several other

cliques. So, we have ignored this feature while providing the general framework for EA/G.

1.9 Scope of the thesis

This thesis is focused primarily on solving some NP-hard combinatorial optimization problems
through two evolutionary techniques, viz. genetic algorithm (GA) and evolutionary algorithm
with guided mutation (EA/G). GA is a well known evolutionary algorithm, whereas EA/G is a
relatively new and under explored evolutionary technique. We have considered six problems in
this thesis. Out of these six problems, first three problems are subset selection problems, fourth
problem has aspects of subset selection as well as permutation, fifth problem is a permutation
problem, whereas the last one is a grouping problem. These problems are not only challenging
from theoretical point of view, but also have many practical applications in diverse areas such
as networks, data mining, transportation and logistics, production scheduling etc. We have
developed hybrid evolutionary approaches combining either GA or EA/G with local search
heuristics for these problems. In addition to local search heuristics, we have also made use of
problem specific knowledge in the design of genetic operators wherever possible. Actually, the
field of solving combinatorial optimization problems using metaheuristic techniques has been
advanced to a level where no new approach for solving any combinatorial optimization problem
can compete with the state-of-the-art approaches unless it makes proper use of problem specific
knowledge.

This thesis is divided into eight chapters beginning with this introductory chapter. In the
following, we outline the content of the remaining chapters.

Chapter 2 deals with the set packing problem (SSP). Given a finite set [ = {1,...,n}
of objects and T}, € J = {1,...,m}, a list of m subsets of I, a packing P is a subset
of I such that ]T] NP| <1,V € J,ie., at most one object of T; can be in P. Each set
Tj,7 € J ={1,...,m} is a set of exclusive constraints between some objects of . Each object
7 € I has a positive weight c;. The objective of the SPP is to find out a packing that maximizes
the total weight of the objects it contains without violating any constraints. We have developed
a hybrid approach comprising an EA/G and a local search to solve the SPP. We have compared
our hybrid approach with the state-of-the-art approaches on standard benchmark instances for

the problem. Computational results show the effectiveness of our approach.
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Chapter 3 presents a hybrid approach combining EA/G with an improvement operator for
the minimum weight dominating set problem (MWDS). For any graph, a dominating set is a set
of nodes such that each node of the graph either belongs to the dominating set or adjacent to a
node in the dominating set. The minimum dominating set problem (MDS) seeks a dominating
set on a graph G whose cardinality is least among all the possible dominating sets on G. MWDS
is a generalization of MDS where nodes are assumed to have positive weights and the goal is
to find a dominating set with minimum sum of node weights. In addition to the hybrid EA/G
approach, an improved version of a greedy heuristic available in literature is also presented
which has been used in our hybrid approach for initial solution generation and repairing an
infeasible solution. We have compared the performance of our hybrid EA/G approach with the
state-of-the-art approaches on standard benchmark instances comprising general graphs as well
as unit disk graphs (UDG). Computational results show the superiority of our approach in terms
of solution quality as well as execution time on both kind of graphs.

Chapter 4 addresses the dominating tree problem (DTP). Given an undirected, connected,
edge-weighted graph, the DTP seeks a tree of minimum weight on this graph so that each node
of the graph either belongs to the tree or is adjacent to a node in the tree, i.e., the set of the
nodes present in the tree should form a dominating set. In this chapter, we present a heuristic
and an EA/G approach to solve the DTP. The heuristic presented is an improved version of a
heuristic available in the literature. On various types of disk graphs, our heuristic produced
better results in comparison to the state-of-the-art heuristic approaches available in the literature.
Our EA/G approach also obtained better results on most of the instances in a much shorter
time in comparison to two previously proposed metaheuristic approaches which are the only
metaheuristic approaches proposed so far for the DTP.

Chapter 5 is devoted to the order acceptance and scheduling (OAS) problem in a single
machine environment where orders are supposed to have release dates and sequence dependent
setup times are incurred in switching from one order to next in the schedule. Actually, in
a make-to-order system, customers put their orders at a time for processing. Due to this an
additional wait time is incurred to receive the product. But it gives system the flexibility to
customize the processing of these orders according to its capability. Tight order delivery deadline
requirements may force a system with limited processing capability to first decide which orders
should be accepted and then where to put the accepted orders in the processing sequence. The
OAS problem deals with this class of problems where acceptance and timely delivery of orders

play important role in generating revenue for the system. The OAS problem has two folds-
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first is to decide which orders should be accepted and the second is sequencing of the accepted
orders. The OAS problem can be considered as a mix of knapsack and scheduling problems.
If there is no scheduling component then the OAS problem reduces to knapsack problem. On
the other side, if all the orders are accepted then the OAS problem reduces to a single machine
scheduling problem. The coupled decisions of the OAS problem makes it a complex problem,
but solving this problem maximizes the net revenue gained through the production system. We
have developed two hybrid metaheuristic approaches, viz. a hybrid steady-state GA (SSGA) and
a hybrid EA/G for OAS problem. We have compared our approaches with two state-of-the-art
approaches for OAS problem and the computational results show the superiority of the proposed
approaches in terms of solution quality. However, in terms of computational times, previous
two approaches are faster than SSGA and EA/G approaches on most of the instances. As far
as comparison between the two proposed approaches is concerned, SSGA and EA/G obtained
solutions close to each other on most of the instances. Though, SSGA is slightly better than
EA/G in terms of solution quality, it is slower.

Chapter 6 presents two hybrid metaheuristic approaches, viz. a hybrid GA and a hybrid
artificial bee colony (ABC) algorithm for a single machine scheduling problem where tardiness
cost of a job increases stepwise with various due dates. This kind of tardiness cost occurs in
several practical scenarios mostly related to transportation. Transportation services are not
always available and a finished job has to wait till the next transportation service is available.
Hence, the delivery time of a job finished anywhere after the departure of one service and before
the departure of the next service remains unaffected at the end customer. As a result, such a job
incurs the same tardiness cost irrespective of its exact completion time. Hence, the tardiness cost
in this situation increases in a stepwise manner. Another situation where tardiness costs of jobs
increase in a stepwise manner arises when modes of shipping (rail, road, air etc.) of jobs depend
on their completion times with respect to their various due dates. The objective of the scheduling
problem is to find a schedule that minimizes the sumtotal of the tardiness costs of all the jobs.
Two versions of the scheduling problem are considered. In the first version, all jobs are assumed
to be available for processing at the beginning, whereas in the latter version jobs have release
dates. For both versions, we have employed a local search to further improve the solutions
obtained through our metaheuristic approaches. To the best of our knowledge, our approaches
are the first metaheuristic approaches for the latter version of the problem. For the first version,
we have compared our approaches with the state-of-the-art approaches available in the literature.

Computational results show the superiority of our approaches over previous approaches in terms
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of solution quality and running time both. For the latter version, hybrid ABC algorithm based
approach outperformed the hybrid GA based approach in terms of solution quality and running
time both.

The penultimate chapter of the thesis, i.e., Chapter 7 is concerned with a grouping problem,
viz. the registration area planning (RAP) problem in mobile wireless networks. The last two
decades have witnessed a phenomenal growth in the number of cellular wireless network users
which in turn stressed the need to utilize the limited network bandwidth in an efficient manner.
The network bandwidth is consumed not only by user traffic, but also by control traffic needed
for ensuring the mobility of users. As we don’t have any control over the volume of user traffic,
all attempts to efficiently use bandwidth are based on frequency reuse and minimizing the
control traffic. The RAP problem seeks a partition of the cells of the network into contiguous
areas called registration areas so that the bandwidth consumed by control signals is minimized.
In this chapter, we present a steady-state grouping genetic algorithm with local search to solve
this problem. We have compared our approach with the state-of-the-art approaches reported
in the literature. Computational results show the superiority of our approach in all the aspects,
viz. quality of best solution found, average solution quality, average total execution time and
standard deviation of solution values.

Chapter 8 concludes the thesis by summarizing the contributions of the thesis. In addition,

some directions for future research are also suggested.
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Chapter 2

Set Packing Problem

2.1 Introduction

The set packing problem (SPP) is an important combinatorial optimization problem having
applications in diverse domains. Following the notational conventions used in [1, 2], SPP can be
defined as follows: Given a finite set / = {1,...,n} of objectsand 7,5 € J = {1,...,m},a
list of m subsets of I, a packing P is a subset of I such that |7; N P| < 1,Vj € J, i.e., at most
one object of T can be in P. Each set T}, j € J = {1,...,m} is a set of exclusive constraints
between some objects of 1. Each object ¢ € I has a positive weight ¢;. The objective of the
SPP is to find out a packing that maximizes the total weight of the objects it contains without

violating any constraints. Formally, the SPP can be formulated as:

Max z = Zcixi 2.1
el
Ztm’l‘i <1, VvyeJ (2.2)
i€l
x; € {0,1}, Viel (2.3)
ti; €{0,1}, Vie I, VjeJ 2.4)

where z; is a binary variable which indicates whether an object i € P (z; = 1) or not (x; = 0),
c; is the cost of the object 7, and ¢; ; represents exclusive constraints with ¢; ; = 1 if the object
i belongs to set T}, otherwise ¢; ; = 0. There exists a second formulation also for SPP, which
defines SPP as follows: Given a universal set U, and a collection S of subsets of U, find a

subset S” of S with maximum cardinality such that no two subsets in S’ have common elements.

33



2. SET PACKING PROBLEM

This formulation is equivalent to the unweighted version of the first formulation, because if we
replace each subset in the second formulation with an object with unit weight and each set of
different subsets of S sharing common elements in the second formulation with 7; containing
corresponding objects, we will get the SPP defined exactly as per the first formulation.

The SPP is an NP-hard problem in the strong sense [57]. The best exact method known
till date for solving the SPP is proposed by [58]. It is essentially, a branch & cut method
based on polyhedral theory to obtain facets. However, such exact methods can find optimal
solution for small instances only. In order to solve larger instances, several metaheuristics have
been proposed. Delorme et al. [1] presented a greedy randomized adaptive search procedure
(GRASP) metaheuristic. Delorme et al. [1] worked on two different types of instances, i.e.,
random instances and railway problem instances. Gandibleux et al. [2] proposed an ant colony
optimization (ACO) approach and presented their results on random instances. Later, two
different versions of ACO were presented in [59] and [60] and both ACO approaches were
applied on railway problem instances.

Several important practical applications of the SPP have been reported in the literature.
Ronnqvist [61] considered a SPP formulation for a cutting stock problem and solved it with
the help of Lagrangian relaxation combined with sub-gradient optimization. Zwaneveld et al.
[62] worked on a real railway feasibility problem as a SPP formulation and solved it exactly
using reduction tests and a branch & cut method. Kim [63] considered a ship scheduling
problem as a SPP and solved it using LINDO software. Mingozzi et al. [64] used a SPP
formulation to find out the bounds for a resource constrained project scheduling problem with
the help of a greedy method. Tajima and Misono [65] used a SPP formulation to solve airline
seat allocation/reallocation problem. Delorme et al. [66] modelled the railway infrastructure
saturation problem as an unicost SPP and solved it using GRASP. Rossi and Smriglio [67]
worked on a ground holding problem formulated as a SPP and solved it with a branch & cut
method.

Lusby et al. [68] formulated the problem of routing trains through junctions, as a SPP and
presented a branch-and-price algorithm for it. Given the detailed track layout of a junction and
a timetable containing the arrival and departure timings for a set of trains, this problem in its
simplest form seeks to maximize the number of trains which can be assigned a route through
this junction. The tracks are divided into sections and at a particular time only one train can pass
through a section. To map this problem into the SPP, time is also divided into a number of short

periods and pairs are made out of track sections and resulting time periods. The possible paths
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of trains through the junction can then be represented in terms of track section time period pairs
and can be treated like objects in the set packing problem. The constraints arise as a result of
conflicts among different paths, i.e., different paths that use the same track section time period
pair can not be put together in a solution. Obviously, this is an instance of SPP. If the goal is to
maximize the number of trains then unicost SPP will result. In case, we have different priority
for different trains or different preferences for different paths then we will get exactly the SPP
formulation described above.

In this chapter, we present a hybrid approach comprising evolutionary algorithm with guided
mutation (EA/G) and a local search to solve the SPP. We have compared our hybrid EA/G
approach with the state-of-the-art metaheuristic approaches. Computational results demonstrate
the effectiveness of our approach.

The remainder of this chapter is organized as follows: Section 2.2 describes our hybrid EA/G
approach for the SPP. Computational results are reported in Section 2.3, whereas Section 2.4

contains some concluding remarks.

2.2 EA/G for the SPP

Our proposed hybrid EA/G approach for the SPP is inspired by the approach of Zhang et al.
[55] for the maximum clique problem. Before starting EA/G for the SPP, we precompute a
conflict set cs; for each object ¢ € I. Here, by the conflict set cs; for object 7, we mean the set
of those objects which can not be packed with object 7. If the object ¢ has been included in a
packing, then all objects belonging to cs; cannot be present in this packing. The pseudo-code of
our EA/G approach for the SPP is given in Algorithm 2.1.

The main components of our EA/G approach for the SPP are described below:

2.2.1 Solution encoding

Subset encoding has been used to represent a solution, i.e., each solution is represented directly

by the set of objects it contains.

2.2.2 Initial solution

In order to have sufficient diversity in the initial population, each initial solution is generated
randomly by using an iterative procedure which is as follows: Initially, let U be a set containing

all the objects and let S be an empty packing. At each iteration, an object from U is selected

35



2. SET PACKING PROBLEM

Algorithm 2.1: The pseudo-code of our EA/G approach for the SPP

1: At generation ¢ < 0, an initial population Pop(t) consisting of IV solutions are generated randomly
(N should be even);
2: Initialize the probability vector p by using Algorithm 2.2;

3: Select best % solutions from Pop(t) to form a parent set parent(t), and then update the probability
vector p by using Algorithm 2.3;

4: Apply the GM operator % times on the best solution s, in the parent(t) in order to generate % new
solutions. A repair operator is applied to each generated solution, if necessary, and then the local
search is applied to each generated solution. Add all % newly generated solutions alongwith those
in parent(t) to form Pop(t+1). If the stopping condition is met, return the packing with the maximum
weight found so far;

S:t+—t+1;

6: If all the solutions are equivalent, then apply the perturbation procedure to reinitialize Pop(t), and
then go to step 2 (line number 2);

7: Go to step 3 (line number 3);

randomly using the roulette wheel selection method, where the probability of selection of an
object is proportional to the ratio of the cost of that object to the number of unselected objects
conflicting with that object. If at any iteration, it is found that an object belonging to U does
not have conflict with any other object in U, then it is immediately selected without the use of
roulette wheel selection. The selected object is added to S. All unselected objects conflicting
with this selected object and the selected object itself are deleted from U. This iterative process

is repeated until U becomes empty.

2.2.3 Initialization and update of the probability vector

Similar to [55], to model the distribution of promising solutions in the search space, an
univariate marginal distribution (UMD) model is used. In this model, a probability vector
p = 4{p1,p2,...,pn} € [0,1]™ is used to characterize the distribution of promising solutions
in the search space, where p; is the probability of the i*" object of the set I to be present in a
packing. The guided mutation (GM) operator uses this probability vector to generate offspring
at each generation ¢. The probability vector is initialized using NV initial solutions. However, in
addition to using the information about the number of initial solutions containing object 7, our
method also make use of the ratio of the weight of object ¢ to the cardinality of its conflict set
while initializing the probability for object 7. It is to be noted that Zhang et al. [55] only utilized

information about initial solutions for initializing the probability vector. The pseudo-code for
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2.2 EA/G for the SPP

initializing a probability vector p for the SPP is given in Algorithm 2.2.

Algorithm 2.2: The pseudo-code for initializing a probability vector p
1: Compute val; < t2,Vi € I;

<
lesil”

2: Compute y; <— number of initial solutions containing object ¢, Vi € I;

3: Compute p; E;’\}Izgﬁ’i ,Viel,

At each generation ¢, a parent set parent(t) is formed by selecting best % solutions of
the current population pop(t). The parent(t) is used for updating the probability vector p in
generation ¢t. The pseudo-code for updating the probability vector is given in Algorithm 2.3,
where A € (0, 1] is the learning rate. The contribution of solutions in parent(t) to the updated
probability vector p depends on the value of A, i.e., higher the value of A, more is the contribution

of solutions in parent(t).

Algorithm 2.3: The pseudo-code for updating a probability vector p in generation ¢
1: Compute z; <— number of solutions in parent(t) containing object i, Vi € I;
2: Compute p; <— (1 — XN)p; + A5, Vi e I,
2

2.2.4 Guided mutation (GM) operator

The GM operator is applied on the best solution s in the current population to generate new
solutions. The pseudo-code of generating a new solution through GM operator is given in
Algorithm 2.4, where 101 is a uniform variate in [0, 1] and 5 € [0, 1] is a tunable parameter.
y = (Y1,¥2,- - -, Yyc) is a new packing whose objects are either sampled from the probability
vector p or directly copied from the best solution s in parent(t). The variable yc is number of

objects in y.

2.2.5 Repair and improve operators

Each solution, say s, generated through the GM operator is checked for feasibility. If s is
infeasible, then a repair operator is applied to make s feasible. Next, an improvement operator
is applied on s to enhance its fitness. These two operators are described below:

Repair operator: This operator iteratively deletes objects from s till it becomes feasible.
To implement this operator, a counter variable cnt; is associated with each object ¢ in s. The
purpose of cnt; is to keep track of the number of objects in cs; (i.e. conflict set of object ¢) that

are also present in s. During each iteration, an object, say j, is deleted from s randomly with the
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Algorithm 2.4: The pseudo-code of generating a solution through GM operator
1: yc < 0;

2 Y 0;

3: for each object ¢ € I in some random order do
4: ry < u01;

5 if (1 < ) then

6 ro < u01;

7: if (r2 < p;) then
8 Yye < 13

9 yc +— yc+1;
10: end if

11: else

12: if (i € sp) then
13: Yye < 1

14: yc +—yc+1;
15: end if

16: end if

17: end for

18: return y;

help of roulette wheel selection method, where the probability of selection of j is proportional to
the ratio of cnt; to the cost of the object j, i.e., ¢;. Note that no object, say i, whose associated
counter cnt; is zero will participate in this operation. The counter variables are updated and
another iteration begins. This process is repeated till all the counter variables corresponding to

the objects present in s become zero.

Improvement operator: Improvement operator iteratively tries to add unassigned objects
to s without violating the feasibility constraints. During each iteration, first, all candidate objects
which can be added to s without violating the feasibility are determined, and put in a set, say
U. After that, a counter variable cu;, which is maintained for each object ¢« € U, is set equal to
the number of objects in U which also belong to cs;. If there are objects in U with cu; equal to
zero then all such objects are added to s and deleted from U. If U is not empty, then an object,
say j, is selected randomly from U for adding it to s with the help of roulette wheel selection
method, where the probability of selection of j from U is proportional to the ratio of the cost
of the object j, i.e., ¢; to cu;. The object j is added to s and deleted from U and next iteration

begins. This process is repeated until U becomes empty.
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2.2.6 Local search

To further improve the quality of each solution obtained after an application of EA/G for the SPP,
a local search is applied on each solution. The local search uses first-improvement strategy based
1-1 exchange (an object in a packing is tried to be replaced with an object not in the packing to
improve the cost of the packing) and 1-2 exchange (an object in a packing is tried to be replaced
with two objects not in the packing to improve the cost of the packing) one after the other.
However, 1-1 exchange local search is not applied on unicost instances as ¢; = ¢;, Vi, j € I.
In order to maintain a balance between the quality of the solutions and execution time, we
have allowed at most Numpg,1—1 successful 1-1 exchanges and at most Num g1—2 successful
1-2 exchanges in the local search where Numpg,1—1 and Numpg,i_o are the parameters to be
determined empirically. Local search can terminate prematurely also if no further beneficial
exchange exists. The ACO approach of [2] also uses the first improvement 1-1 exchange on
non-unicost instances, but in a non-iterative manner. On the other hand, GRASP approach of
[1] iteratively uses first improvement 0-1 exchange (an object not in the packing is tried for
insertion into the packing), 1-1 exchange, 2-1 exchange (two objects in a packing is tried to be
replaced with an object not in the packing to improve the cost of the packing) and 1-2 exchange

till it is not possible to improve the solution any further.

2.2.7 Perturbation method to diversify the current population

When all solutions in the current population pop(t) are same, then it can mean that our approach
has been trapped in a local optima. To escape from this situation, a perturbation method is
applied on each solution. The aim of such an strategy is to find some new solutions and
consequently provide diversity in the current population pop(t).

In this method, initially, all the objects which are not in the solution, say s, are added to a
set, say U. Iteratively an object  is selected randomly from U with the help of roulette wheel
selection method, where the probability of selection of ¢ is proportional to the ratio of the cost
of the object i, i.e., c; to the cardinality of cs;. After selecting 7 from U, all those objects of
U which also belong to cs; are deleted from U. The selected object ¢ is added to a second
set, say V. This procedure is continued until U becomes empty or at most f X |s| number of
objects are added to V', where 0 < f < 1 is a parameter to be determined empirically. Hereafter,
each object j in s is checked one-by-one for conflict against all objects in V. If a conflict

is detected, then the conflicting object j is deleted immediately from s. Once each object in
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2. SET PACKING PROBLEM

s is checked, all objects in V" are added to s. Next, the improvement operator (as described
in Section 2.2.5) is applied to s for exploring the possibility of further enhancements. The

pseudo-code of perturbation method is given in Algorithm 2.5.

Algorithm 2.5: The pseudo-code of perturbation method
LU+ I-s;
k+1;
while (U # 0 or k < (f x |s])) do
1 <— random select an order from U using RWS;
U+ U\{UnNecs;};
V<« Vu{il
k+—k+1;
end while
s sUV;
return s

R A U i ol

._
=4

2.3 Computational results

Our hybrid EA/G approach for the SPP has been implemented in C and executed on a Core 2
Duo system with 2 GB RAM running under Fedora 12 at 3.0GHz. gcc 4.4.4-10 compiler
with O3 flag has been used to compile the C program for our approach. In all computational
experiments with our approach, we have set N = 30, 5 = 0.9, A = 0.5, f = 0.7, Numpgz1—1 =
4 and Numpg;1—o = 6. All these parameter values are chosen empirically after a large number
of trials. These parameter values provide good results, though they may not be optimal for all
instances. We have allowed our approach to execute for 200 iterations. Like GRASP [1] and
ACO [2] approaches, EA/G approach is also executed 16 independent times on each instance.

There are two kinds of test instances for set packing problem — random instances and railway
problem instances [1]. Only random instances are publicly available. Railway problem instances
are not publicly available as these instances contain the confidential data pertaining to French
railways (SNCF). Therefore, we report the results of hybrid EA/G approach on random instances
only.

Tables 2.1 and 2.2 report the characteristics of instances, and results obtained by CPLEX
6.0 solver (0/1 solution), GRASP approach [1] (GRASP), ACO approach [2] (ACO) and our
hybrid EA/G approach (EA/G). Table 2.1 presents instances with up to 200 variables, while

Table 2.2 presents instances with 500 and 1000 variables. In these two tables, for each instance,
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columns Var, Cnst and Density indicate the number of objects, the number of constraints and the
percentage of non-null elements in the constraint matrix respectively. Column Max_One contains
the size of largest set 7j over all j € {1,...,m}, and column Weight indicates the interval in
which the costs ¢; are distributed for each instance. Note that the instances corresponding to
the interval [1-1] are instances of the unicost SPP. As reported in [2], CPLEX 6.0 solver can
find the optimal values (column Opt) in reasonable time (column TET) for instances with up to
200 variables which is shown in Table 2.1. However, CPLEX 6.0 solver is not able to solve all
larger instances. In such cases, the best known value (column BKV in Table 2.2) is reported.
When CPLEX 6.0 solver is not able to find optimal solution, the best solution value obtained
is marked with an asterix (‘*”). For GRASP, ACO and EA/G approaches, we report the best
solution (column Best) obtained, average solution quality (column Avrg) and average execution
time in seconds (column ATET) over 16 runs in Table 2.1 and Table 2.2. Results of CPLEX
6.0 solver, GRASP and ACO approaches are taken from [2]. To present an overall picture, in
Figure 2.1, we have plotted the ratios of the best solution found by each of the three methods
(EA/G, GRASP and ACO) to the optimal/ BKV for each instance of Tables 2.1 and 2.2. For the
sake of clarity, only the name of alternating instances are shown in this figure.

Tables 2.1 and 2.2 and Figure 2.1 clearly show the superiority of hybrid EA/G approach
over GRASP and ACO approaches in terms of solution quality. Out of a total of 56 instances,
the best solution obtained by EA/G is better than GRASP on 12 instances and same as GRASP
on remaining instances. In terms of average solution quality, EA/G is better than GRASP on 23
instances, same as GRASP on 15 instances and worse than GRASP on 18 instances. The best
solution obtained by EA/G is better than ACO on 7 instances, same as ACO on 48 instances and
worse than ACO on 1 instance. In terms of average solution quality, EA/G is better than ACO
on 35 instances, same as ACO on 13 instances and worse than ACO on 8 instances. There are 6
instances on which the best solution found by EA/G is better than those of GRASP and ACO
both. Similarly, there are 20 instances on which average solution quality of EA/G is better than
GRASP and ACO both. EA/G improved the BKVs reported in [2] on 3 instances. Figure 2.1
also shows that whenever our approach has found a solution inferior to BKYV, it is only slightly

inferior when compared with other two approaches in a similar situation.
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Figure 2.1: Comparison of EA/G, GRASP and ACO in terms of the ratios of the best solution found
by each of them to the best known value (BKV)

Table 2.3: Comparison of EA/G with GRASP [1] on instances with 2000 variables

Instance Characteristics 0/1 solution GRASP EA/G
Var  Cnst Density Max_One Weight BKV Best Best Avrg  ATET
pb2000rnd0100 2000 10000  2.54% 100 [1-20] 40 Yes 40 40.00  31.66
pb2000rnd0200 2000 10000  2.55% 100 [1-1] 2 Yes 2 2.00 10.38
pb2000rnd0300 2000 10000  0.55% 20 [1-20] 478%* No 478  463.75 129.86
pb2000rnd0400 2000 10000  0.55% 20 [1-1] 32% Yes 32 3025  81.58
pb2000rnd0500 2000 2000  2.55% 100 [1-20] 140* Yes 140 13550 61.03
pb2000rnd0600 2000 2000  2.56% 100 [1-1] 9% Yes 9 8.50  34.23
pb2000rnd0700 2000 2000  0.56% 20 [1-20] 1784* No 1794 1765.94 160.14
pb2000rnd0800 2000 2000  0.56% 20 [1-1] 131* No 132 130.38  73.84

Note that the system that is used to execute GRASP and ACO approaches [2] is Pentium III
at 800 MHz which is different from the system used to execute the EA/G. Therefore, execution
times cannot be compared exactly. However, a rough comparison can always be made. Even
after compensating for processing speeds, we can safely say that EA/G is faster than ACO on

majority of instances. GRASP seems to be a bit faster than EA/G, but it performed the worse
among the three.
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2.3 Computational results

Table 2.4: Influence of parameter settings on solution quality

pb500rnd14 pb500rnd02 pb500rnd09 pb200rnd11

Parameter Value Best Avg. Time Best Avg. Time Best Avg. Time Best Avg. Time

20 37 36.56 2.89 24 2355 241 2236 2229.25 9.21 545 54450 1.15

N 30 38 36.88 4.39 25 2356 5.16 2236 2232.81 12.49 545 545.00 1.65

40 37 3694 5.53 25 2350 5.03 2236 2230.69 14.71 545 54475 218

0.45 37 36775 3.96 24 2338 3.74 2236 2231.00 12.54 545 54462 1.62

A 050 38 36.88 4.39 25 2356 5.16 2236 2232.81 1249 545 545.00 1.65

0.55 37 3688 4.15 24 2331 3.65 2236 2229.06 11.66 545 54488 1.65

0.85 38 3675 398 25 2319 3.67 2236 2229.62 11.95 545 54488 1.65

8 0.90 38 36.88 4.39 25 2356 5.16 2236 2232.81 12.49 545 545.00 1.65

0.95 37 3681 4.25 24 23.69 381 2236 2230.06 12.46 545 544775 1.62

3 - - - - - - 2236 2230.19 11.99 545 54488 1.62

Numpg1-1 4 - - - - - - 2236 223281 1249 545 54500 1.65
5 - - - - - - 2236 2231.88 12.24 545 54475 1.66

5 37 36.81 4.07 24 2344 372 2236 2229.06 12.17 545 54475 1.62

Numpgg1—2 6 38 36.88 4.39 25 2356 5.16 2236 223281 1249 545 545.00 1.65
7 37 3681 4.02 24 2338 3.72 2236 222950 12.23 545 54500 1.64

0.65 38 36.81 4.23 25 2344  3.66 2236 223094 12.22 545 545.00 1.62

f 070 38 36.88 4.39 25 2356 5.16 2236 2232.81 12.49 545 545.00 1.65

0.75 38 36.88 4.28 24 2344 3.5 2236 223094 12.26 545 54488 1.63

There are 8 more random instances with 2000 variables that are not used in [2] to test ACO.
However, these instances are used in [1] to test GRASP. Table 2.3 presents the results of CPLEX
6.0 solver, GRASP and EA/G on these instances. Data for CPLEX 6.0 solver and GRASP is
taken from [1]. As [1] reports the results of GRASP only graphically in terms of % of BKVs
obtained through CPLEX 6.0 (Figure 5 of [1]), the column corresponding to GRASP reports
“Yes” for a particular instance if GRASP is able to find the BKV reported in [1] for that instance,
otherwise it reports “No”. Out of these 8 instances, GRASP is able to find the BKVs for only 5
instances. EA/G, on the other hand, finds as good as or better than the BKVs reported in [1] on
all instances. On 2 instances, EA/G even improved the BKVs reported in [1]. Execution time of
GRASP is not reported in [1].

The superior performance of EA/G over ACO and GRASP approaches can be attributed
to the combined use of global information about the search space in the form of a probability
vector and the best solution found so far in generating an offspring. ACO uses only global

information about the search space in the form of pheromone values, whereas GRASP only uses
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2. SET PACKING PROBLEM

information about few best solutions to guide the search.

In order to investigate the influence of parameter settings on the solution quality, we have
taken four instances comprising two unicost instances viz. pb500rndl4 & pb500rnd02
and two non-unicost instances viz. pb500rnd09 & pb200rndl11. We have varied all the
parameters one by one, keeping all other parameters unchanged. In doing so all other parameters
were set to their values reported at the beginning of this section. The results are reported in
Table 2.4. The 1-1 exchange is not applied on unicost instances and therefore corresponding
columns for two unicost instances have ‘-’ in the table. From this table, it is clear that for all
parameters, the values of the parameters reported at the beginning of the computational results
section give best results. The average solution quality for all four instances vary with parameter
values. The best solution quality of two non-unicost instances remains the same irrespective of

parameter values.

2.4 Conclusions

In this chapter, we have presented a hybrid evolutionary algorithm with guided mutation for
the set packing problem. In comparison with two state-of-the-art approaches, viz. GRASP
approach [1] and ACO approach [2] for the set packing problem, our approach has shown
promising results. Our approach has outperformed these approaches in terms of both best as
well as average solution quality. Our approach is faster than ACO approach on majority of

instances. Though, GRASP is a bit faster than our EA/G approach, it performed the worst.
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Chapter 3

Minimum Weight Dominating Set

3.1 Introduction

For any graph, a dominating set is a set of nodes such that each node of the graph either belongs
to the dominating set or adjacent to a node in the dominating set. A minimum dominating set
(MDS) is a dominating set with minimum cardinality. Use of dominating sets is widespread in
wireless networks for clustering and forming a virtual backbone for routing and several efficient
centralized and distributed algorithms have been proposed for this purpose in the literature,
e.g., see [69, 70, 71, 72, 73]. However, all these approaches work under the assumption that all
nodes are same in all respects. These approaches may not yield good results in heterogeneous
environments where the capabilities of the nodes differ. For example, different nodes may have
different residual energy, allotted bandwidth or transmission range. Under these circumstances,
instead of minimizing the cardinality of the dominating set, it is more appropriate to minimize
the weighted sum of nodes present in the dominating set. This problem of minimizing the
weighted sum of nodes present in the dominating set is called minimum weight dominating set
problem. Both minimum dominating set problem (MDS) and minimum weight dominating set
problem (MWDS) are NP-hard [57].

Many approaches have been proposed in the literature for MWDS problem. But most of
them are for unit disk graphs (UDGs) which are used to model wireless networks. In UDG,
nodes lie on a Euclidean plane and an edge exists between pair of nodes, iff Euclidean distance
between them does not exceed a fixed threshold. A characteristic feature of UDG is that the
number of independent neighbors of a node is polynomially bounded. To form a backbone for ad

hoc wireless networks, Wang et al. [74] proposed new centralized and distributed approximation
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3. MINIMUM WEIGHT DOMINATING SET

algorithms, where each node has some cost and a minimum weight dominating set is created.
These approaches assume that node weights are smooth, i.e., ratio of weights of adjacent nodes
does not exceed a fixed constant. Dai et al. [75] proposed 5 + € -approximation algorithm
to form a minimum weight dominating set for unit disk graphs. This goal is achieved in two
steps. In the first step, plane is partitioned into ku x ku blocks, where p = 72 and k is some
large integer constant, and in the second step, each block is partitioned into k? squares. And
finally results of both the steps are combined to get minimum weight dominating set. Another
4 + e-approximation scheme [76] is based on polynomial-time dynamic programming algorithm
for min-weight chromatic disk cover, where weights of the nodes in the graph are not smooth.
Last two approaches do not assume node weights to be smooth. Zhu et al. [77] proposed another
polynomial time approximation scheme to form minimum weight dominating set for UDG,
where the weights of the nodes in the graph are smooth.

However, use of MWDS is not limited to clustering and routing in wireless networks. In fact,
MWDS has applications in several diverse domains. It finds application in gateway placement
in a wireless mesh network. A polynomial time near-optimal algorithm is proposed in [78]
to recursively compute minimum weight dominating set in each iteration so as to minimize
the number of gateways and also satisfy the QoS (quality of service) requirements. During
installation of wavelength division multiplexing optical-networks, MWDS is used to minimize
the number of full wavelength converters required in order to cut down the installation cost and
to subdue the technological limitations [79]. MWDS was also used in determining the nodes
in an ad hoc network where intrusion detection software for squandering detection needs to
be installed [80]. Shen et al. [81] used the concept of dominating sets in information retrieval
for the task of multi-document summarization. In this approach, first a graph is constructed
where nodes represent the sentences from various documents and an edge exists between two
sentences if they are similar. Then a minimum dominating set is computed over this graph to
get a summarization of all the documents. The application of MWDS is extended to the task of
a query selection so as to harvest the data records from hidden web database efficiently [82].
For this purpose, each web database is modeled as an undirected attribute-value graph (AVG)
and task of optimal query selection for the web database is shown equivalent to solving MWDS
in corresponding AVG. In none of the applications cited in this paragraph, we can assume the
underlying graph to be UDG. However, all the approximation schemes available in the literature
work for UDG only, therefore, these schemes can not be used for aforementioned applications.

In fact, underlying graphs in these applications vary depending on the situation, and as a result,
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3.1 Introduction

only those approaches which can be applied on any general graph can be used. In the absence of
approximation schemes for general graphs, only options left are heuristics and metaheuristics.

To the best of our knowledge, only two metaheuristic approaches have been proposed in
the literature for MWDS. Jovanovic et al. [83] developed an ant colony optimization (ACO)
algorithm which was inspired by the ant-colony optimization approach of Shyu et al. [84] for
minimum weight vertex cover problem and tested it on general graphs. This ACO approach
will be referred to as Raka-ACO subsequently. Potluri and Singh [85] proposed four greedy
heuristics, a hybrid genetic algorithm and two versions of hybrid ant-colony optimization
algorithm for MWDS. The solutions obtained through genetic algorithm and ACO algorithms
are improved further though a minimization heuristic. The genetic algorithm uses steady-state
population replacement method, selects parents using binary tournament selection and employs
fitness-based crossover and simple bit flip mutation to produce offspring. Hereafter, this hybrid
genetic algorithm will be referred to as HGA. Except for pheromone initialization, the two ACO
versions are same in all other respect. Starting with an empty set .S, these two ACO versions
construct a dominating set by performing a random walk on the graph and adding the nodes
visited to .S until S becomes a dominating set. The next node to be visited is selected based
on pheromone concentration on the nodes. The first version of ACO initializes all pheromone
trails to same value without any bias, whereas the second version uses a pre-processing step
to initialize the pheromone trails according to the quality and compositions of the solutions
generated in the preprocessing step. The first version will be referred to as ACO-LS and second
version as ACO-PP-LS subsequently. All the approaches presented in [85] have been tested on
same general graphs instances as used in [83]. In addition, some UDG instances have also been
used. HGA, ACO-LS and ACO-PP-LS approaches obtained much better results in comparison
to Raka-ACO. As far as relative performance of HGA, ACO-LS and ACO-PP-LS approaches
is concerned, HGA obtained better quality solutions with increase in average node degree and
graph size, but at the expense of much larger execution times. There is not much difference in
solution quality of ACO-LS and ACO-PP-LS, but ACO-PP-LS is faster than ACO-LS.

Similar to the approach of previous chapter, in this chapter also we present a hybrid approach
comprising evolutionary algorithm with guided mutation (EA/G) and an improvement operator
for MWDS. In addition, we present the modified version of a greedy heuristic proposed in
[85] and use it inside our hybrid EA/G approach for initial solution generation and repairing

an infeasible solution. We have compared our hybrid EA/G approach with the approaches
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3. MINIMUM WEIGHT DOMINATING SET

presented in [83, 85] on the same benchmark instances as used in [83, 85]. In comparison to
these approaches, our hybrid approach obtained better quality solutions in shorter time.

The remainder of this chapter is organized as follows: Section 3.2 formally defines the
minimum weight dominating set problem and introduces the notational conventions used in this
chapter. Section 3.3 describes the proposed modifications in one of the heuristics of [85]. Our
hybrid EA/G approach is presented in Section 3.4. Section 3.5 reports the computational results
and provides a comparative analysis of our hybrid EA/G approach vis-a-vis existing approaches

for MWDS. Finally, Section 3.6 outlines some concluding remarks.

3.2 Problem formulation

In an undirected graph G = (V, E), where V' is the set of nodes and E is the set of edges. Two
nodes u and v are called neighbor of each other or adjacent to each other, iff, there exists an
edge between them, i.e., (u,v) € E. A dominating set D C V is a set of nodes such that each
node v € V either belongs to D or is neighbor of at least one node in D. Any node belonging
to D is called a dominating node or dominator. Any node not in D is called dominatee or
non-dominating node. The minimum dominating set problem (MDS) seeks a dominating set
on GG whose cardinality is least among all the possible dominating sets on . In minimum
weight dominating set problem (MWDS), a weight is assigned to each node of V' through a
weight function w : V — RT and the goal is to find a dominating set with minimum sum of
node weights. More formally, MWDS seeks argmin ) -, w(v), where DS is the set of all
dominating sets of G. Both MDS and MWDS%flj\jzg been proven to be NP-hard [57]. In fact,
MWDS is a generalization of MDS as it reduces to MDS when w(v) = 1 Vv € V. Important

notational conventions used in this chapter are given in Table 3.1. Additional notational

conventions will be introduced as and when required.

Table 3.1: Notational convention

Notation Definition

w(v) Weight of node v € V.

ON(w)CV {u:u€Vand (u,v) € E} is called open neighborhood of node v € V

CN(v) CV  ON(v) U {v} is called closed neighborhood of node v € V.

de(v) |ON (v)], i.e., Total number of neighboring nodes of node v € V' or degree of v in G
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3.3 Heuristic

3.3 Heuristic

In this section, we present an improved version of a heuristic (viz. heuristic 2) which has been
presented in [85]. Actually, four different heuristics have been presented in [85]. Reason for
choosing heuristic 2 is that among these four heuristics, it performed the best. In all these
heuristics, initially, all nodes are assumed to have color WHITE. Starting with an empty set
D, these heuristics build a dominating set by iteratively adding a node to D till it satisfies
the property of a dominating set. A node that is added to D is re-colored BLACK and all its
neighbors are re-colored GREY. Obviously, with this coloring scheme, a heuristic stops when no
WHITE node exists. The manner in which the nodes are selected for inclusion into the partially
constructed dominating set leads to different heuristics. We have made two modifications in
heuristic 2 of [85]. Suppose D is the partially constructed dominating set, than S =V — D is
the set from which the next node is added to the dominating set D. Also suppose ¢ : V' — {0, 1}
is a function such that c¢(v) = 1, iff color of node v is WHITE at present, O otherwise. Our
first modification utilizes closed neighborhood instead of open neighborhood while choosing
the next node to be added to the dominating set. In heuristic 2 of [85], to determine the next
node to be added to the dominating set, sum of weights of WHITE nodes belonging to the
open neighborhood of each node u € S ( Equation (3.1)) is first calculated and then next node
is selected using Equation (3.2), whereas in our heuristic, sum of weights of WHITE nodes
belonging to the closed neighborhood of each node u € S is first calculated (Equation (3.3))
and then next node to be added is determined using Equation (3.4). The motivation for using
closed neighborhood instead of open neighborhood lies in the fact that when a node to be added
is itself WHITE, its weight should be added to the sum of weights of its neighboring WHITE
nodes because with respect to this node also property of dominating set will be satisfied once
it is included in the partially constructed dominating set along with satisfying the property of

dominating set with respect to the neighboring WHITE nodes.

W(u) < > w)xcv) (3.1)
vEON (u)

V4 ar%glgax wiw) (3.2)

W)« Y w) xc) (3.3)

vECN (u)
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v+ argmax Y (3.4)
uesS w(u)

Figures 3.1(a) to 3.1(g) illustrate our first modification with the help of an example. Fig-
ure 3.1(a) shows an undirected connected weighted graph with 15 nodes where the number
inside a circle indicates the ID of the node represented by that circle, and the number outside
the circle indicates the weight of the corresponding node. All nodes are colored WHITE in this
figure to show the initial state.

Both the heuristics select node 2 during first iteration for inclusion into the partially con-
structed dominating set. Node 2 is colored BLACK and all the neighbors of node 2, viz. nodes
9, 3, 11 and 6 are colored GREY. This situation is shown in Figure 3.1(b). Both the heuristics
continue to select identical nodes for three more iterations leading to the further inclusion of
node 0, 7 and 13 in that order to the partially constructed dominating set. Figures 3.1(c) to 3.1(e)
depict the partially constructed dominating set at the end of each of these three iterations. The
partially constructed dominating set depicted in Figure 3.1(e) has weight 323. Now, the only
WHITE node is node 8. Our heuristic selects node 8 as it has the maximum ratio of 1 as per
Equation (3.4) in the next iteration and produces a dominating set with nodes 2, 0, 7, 13 and 8,
and total weight 407, which is shown in Figure 3.1(f).

Heuristic 2 of [85], on the other hand, returns GREY node 14 to cover WHITE node 8, and
produces a dominating set with nodes 2, 0, 7, 13 and 14, and total weight 434, which is shown
in Figure 3.1(g). As the open neighborhood is used here, so node 8 ironically has the minimum
ratio of 0 and node 14 has the maximum ratio of % as per Equation (3.2), and, that is why the
node 14 is selected. From the dominating sets depicted in Figures 3.1(f) and 3.1(g), we can say
that our heuristic can produce better results than heuristic of [85]. It is to be noted that even if
we swap the weights of node 8 and 14, our heuristic will select the appropriate node according
to the changed scenario. In the changed scenario node 8 will have the weight of 111 and node
14 will have the weight of 84. Under this situation node 14 has the maximum ratio of 18% and
node 8 again has the ratio 1 as per Equation (3.4), so our heuristic will correctly select node 14.
In this case, however, heuristic 2 of [85] will also select node 14.

Our second modification is a tie-breaking rule. Actually, when there are more than one
node satisfying Equation (3.4) then the next node to be added is selected using this tie-breaking
rule. Suppose S’ is the set of nodes satisfying Equation (3.4), then our heuristic computes
the number of WHITE nodes belonging to the closed neighborhood of each node v € S’
(Equation (3.5)), and then the next node to be added is determined using Equation (3.6). In case,
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(a) Input graph. Initially, all (b) Node 2 is selected by both (c) Node 0 is selected by both
nodes are colored WHITE and heuristics and weight = 94 heuristics and weight = 162
weight =0

(d) Node 7 is selected by both (e) Node 13 is selected by both  (f) Node 8 is selected with our
heuristics and weight = 242  heuristics and weight = 323  heuristic and weight = 407

(g) Node 14 is selected
with heuristic of [85] and
weight = 434

Figure 3.1: Example of H_DT and M_DT

there are more than one node satisfying even Equation (3.6), then the next node to be added is

selected arbitrarily from among these nodes. The motivation behind this tie-breaking rule lies in
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experimental observation that using this rule helps in getting better results on more instances.

wd(u) Z c(v) (3.5)

vECN (u)

(3.6)

v 4 arg max
ues’ w(u)

Hereafter, original heuristic 2 of [85] will be referred to as Heu_A and our improved version as

Heu_lI.

3.4 Hybrid EA/G approach for MWDS

We have developed a hybrid approach to MWDS combining EA/G algorithm with an im-
provement operator. The solutions generated through EA/G algorithm are passed through the
improvement operator in a bid to improve them further. Hereafter, we will refer to our hybrid
EA/G approach with improvement operator as EA/G-IR (EA/G with improvement operator).
Before starting our EA/G-IR approach, we precompute the set of neighbor nodes for each node
v € V. The salient features of our EA/G-IR approach for MWDS are described in subsequent

subsections.

3.4.1 Solution encoding

Subset encoding has been used to represent a solution, i.e., each solution is represented as a

subset of nodes that it contains.

3.4.2 [Initial solution

The first member of initial population is always constructed through our heuristic (see Sec-
tion 3.3). Remaining members of the initial population are also constructed in the same manner
as in our heuristic except for the fact that during each iteration Equation (3.4) (and Equation (3.6)
if needed) is used for selecting the next node for inclusion in the partially constructed dominating
set with probability 7;, otherwise the next node is selected randomly. Each member of the initial
population, irrespective of how it got constructed, is passed through an improvement operator in
a bid to improve it further. Pseudo-code of construction of an initial solution except the first

solution is presented in Algorithm 3.1.
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Algorithm 3.1: The pseudo-code for generation of each initial solution except first solution
> Initially all nodes in V' are colored WHITE

I: I+ V;

2: W, < V;

3: WD + &;

4: while W,, # () do

5 Generate a random number 7 such that 0 < r < 1;
6 if » < 7; then -

7. v $— arg max %; > Equation (3.6)
8 else v

9: v < random(W,);
10: end if
11: if v is WHITE then
12: W, +— W\{v};
13: end if

14: wd(v) < {u:u € ON@w)NW,};
15: Wy, < W\wd(v);

16: WD <~ WD uU{v};

17: Make v BLACK

18: Make all vertices € wd(v) GREY;
19: I+ I\{v};

20: end while

21: return W D;

3.4.3 Initialization and update of the probability vector

Like the previous chapter, we have also used an univariate marginal distribution (UMD) model to
maintain the distribution of promising solutions in the search space. In this model, a probability
vector p = {p1,p2,---, 0|} € [0, 1]V1'is used to characterize the distribution of promising
solutions in the search space, where |V| is the cardinality of V/, i.e., number of nodes in the
graph. Each p; € p gives the probability of the node i of V' to be present in a dominating
set. Our guided mutation operator (described in Section 3.4.4) uses this probability vector
to generate offspring at each generation g. This probability vector is initialised using the N,
number of initial solutions. The pseudo-code for initializing a probability vector p is given in
Algorithm 3.2.

At each generation g, a parent set parent(g) is formed by selecting best % solutions from
current population pop(g). Once parent(g) is formed, it is used for updating the probability

vector p. The pseudo-code for updating the probability vector is given in Algorithm 3.3, where
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Algorithm 3.2: The pseudo-code for initializing a probability vector p
1: Compute n,, <— number of initial solutions containing node v, Vv € V;
2: Compute p, <+ 7\7—2, Vv e V;

A € (0,1] is the learning rate and it governs the contribution of solutions in parent(g) to the

updated probability vector p, i.e., higher the value of A\, more is the contribution of solutions in

parent(g).

Algorithm 3.3: The pseudo-code for updating a probability vector p in generation g
1: Compute n,, < number of solutions in parent(g) containing node v, Vv € V;

2: Compute p, < (1 — A\)py, + A5=, Vo € V5

4

3.4.4 Guided mutation (GM) operator

The GM operator is applied on the best solution b, in the current population to generate new
solutions. The pseudo-code of generating a new solution through the GM operator is given in
Algorithm 3.4, where £ is an adjustable parameter in [0, 1] and D is a new solution constructed
through the GM operator whose nodes are either sampled from probability vector p or directly
copied from best solution b in parent(g). Parameter 8 controls the relative contribution of
probability vector p and best solution by in the generation of a new solution. The larger the value
of (3 is, more nodes of D are sampled from probability vector p, on the other side smaller the
value of (3 is, more nodes are directly copied from bs. There is no guarantee of feasibility of
solution D generated through the GM operator, i.e., D may not be a dominating set. Therefore,
every solution D generated through the GM operator is checked for feasibility and if D is found
to be infeasible, then it is passed through the repair operator which transforms D into a feasible

solution. This repair operator is described in the next section.

3.4.5 Repair operator

Repair operator is applied only on an infeasible solution. Our repair operator is quite different
from the repair heuristic of [85] and computationally much more efficient. In the repair heuristic
of [85], initially, S is the set of V'\ D nodes, where V' is the set of nodes and D is the infeasible

solution to be repaired. The repair heuristic then iteratively selects a node from S as per
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Algorithm 3.4: The pseudo-code of generating a solution through the GM operator

1: D+ &,

2: for node v € V do

3: Generate a random number 71 such that 0 < r; < 1;
4 if 1 < [ then

5 Generate a random number r5 such that 0 < ro < 1;
6: if ro < p, then

7 D <+ DuU{v}

8 end if

9 else
10: if v € b, then
11: D <+ DuU{v}
12: end if
13: end if
14: end for

15: return D;

Algorithm 3.5: The pseudo-code of repair operator
> D is an infeasible solution on which repair operator is applied
I: W, + {v:v €V andvis WHITE};
2: while W,, # 0 do

3: vy < random (W, );

4 S« CN(v);

5: v ¢ arg max V{g((s)); > Equation (3.6)
u€S

6: wd(v) « {u:uwe CN@)NW,};

7: make v BLACK;

8 D+ DU{v};

9: make all vertices € wd(v)\{v} GREY;
10: W, + Wp\wd(v);

11: end while

12: return D;

Equation (3.2) and add it to D after deleting it from S. This process is repeated till D becomes
a dominating set. Actually, set S contains those GREY nodes also which have no WHITE
neighboring node. Such GREY nodes can never be selected for inclusion in D, but in every
iteration of repair heuristic used in [85], corresponding ratios needed for Equation (3.2) are
calculated even for these GREY nodes. From empirical observations, it is found that there are
a large number of such GREY nodes in S which unnecessarily increases the computational

burden of the repair heuristic used in [85]. To overcome this shortcoming, in our repair operator,
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we begin by computing the set of WHITE nodes W,,, i.e., W,, contain those nodes which are
not the neighbor of any node in the infeasible solution D. Then in every iteration, we initialize
set S to the closed neighborhood of a randomly chosen node in W,,. With this initialization of
S in every iteration, the cardinality of set .S is always much smaller, specially for graphs with
large number of nodes. In every iteration, after initializing .S, our repair operator selects a node
from set .S using Equation (3.4) (and Equation (3.6) if needed) and include it into the infeasible
solution D. In addition, after each iteration in our repair operator, we delete all those nodes
from W, which are no longer WHITE. This further helps in speeding-up the repair operator.
These iterations continue till no WHITE node remains, i.e., till D becomes feasible. In the
repair heuristic of [85], with probability p;, (which was set to 0.7), the infeasible solution is
repaired as mentioned already, otherwise it is repaired randomly, i.e., some infeasible solutions
are repaired by selecting the node from S in a totally random manner. This is done to maintain
the diversity of the population as the other approach was purely greedy. Our repair operator is a
proper mix of randomness and greediness and as such all solutions are repaired as described
above and no infeasible solutions need to be repaired in a purely random manner just for the

sake of diversity. The pseudo-code of repair operator is presented in Algorithm 3.5.

3.4.6 Improvement operator

All feasible solutions are passed through improvement operator in a bid to further improve the
solution. Improvement operator, removes redundant nodes from a dominating set D). A node
v € D is redundant if CN(v) C (Uyep\ (o} ON (1)), i.e., all nodes other than v in C'N (v) are
either in D or the neighbor of a node in D\{v} and v is the neighbor of a node in D. If node
v is redundant then it can be removed from D without affecting the dominating set property
of D. Our improvement operator begins by computing the set of redundant nodes and then an
iterative process takes over, where during each iteration, the redundant node having the highest
ratio of its weight to its degree is deleted from the dominating set and set of redundant nodes is
recomputed. Iterative process stops when the set of redundant nodes becomes empty. Clearly,
our improvement operator follows a greedy strategy.

The pseudo-code of improvement operator is given in Algorithm 3.6 where D is the input
dominating set and R is the set of redundant nodes in D. This is different from Minimization
heuristic of [85] where during each iteration the redundant node to be deleted is either chosen
based on highest ratio of the weight of the node to its degree or chosen randomly from the

set of redundant nodes. In every iteration, first strategy is used with probability p, (which
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Algorithm 3.6: The pseudo-code of improvement operator
I: Ry« {v:ve€ Dand CN(v) C (Uyep\ {3 ON(u));
while (R, # () do

3: v ¢ arg max ;”C((Z)),

uER
D + D\{v}

Ry < {v:v € Dand CN(v) C (Uyep\ (v} ON(u));
end while

»

A A

return D;

was set to 0.6), otherwise the random strategy is used. Our improvement operator follows the
greedy strategy always. We have experimented with random strategy also, but greedy approach
produced better solutions in comparison to a combination of greedy and random strategies of

[85].

3.4.7 Other features

Zhang et al. [55] put the best % solutions of pop(g) into the parent(g) and create % new
solutions in every generation. The population for the next generation is formed using %
solutions in parent(g) and % newly created solutions. On the other hand, in our approach
parent(g) is formed using best % solutions of pop(g) and % new solutions are produced in
every generation. The best % solutions of pop(g) along with % newly created solutions
constitute pop(g+1) in our approach. We have also tried the same strategy as [55], but our
strategy gave better results.

If in a generation, we found all solutions to be identical then we re-initialize the population
in the same manner as described in Section 3.4.2.

The pseudo-code of our EA/G-IR approach for MWDS problem is given in Algorithm 3.7.

3.5 Computational results

In this section, we present the computational results of our EA/G-IR approach for MWDS and
compare them with the state-of-the-art approaches. In the literature, three sets of instances were
used to evaluate the performance of different algorithms, viz. Type I, Type II and unit disk
graphs (UDG). Type I and Type II instances were generated by Jovanovic et al. [83]. Type |

and Type II instances consist of undirected connected weighted graphs. For Type I instances,
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Algorithm 3.7: EA/G-IR Approach for MWDS
1: At generation g <— 0, an initial population pop(g) consisting of IV, solutions (N, should be divisible

by 4) are generated in a manner described in Section 3.4.2;
2: Initialize the probability vector p for all nodes using Algorithm 3.2;
3: Select best % solutions from pop(g) to form a parent set parent(g), and then update the probability
vector p using Algorithm 3.3;
4: Apply the GM operator % times on the best solution by in parent(g) in order to generate %
new solutions. A repair operator is applied to each generated solution, if necessary, and then an

improvement operator is applied to each generated solution to improve the solution fitness. Add

3N,
4

stopping condition is met, return the dominating set with the minimum weight found so far ;
5:9g+g+1;
6: If all solutions are identical, then reinitialize pop(g), and go to step 2;

all % newly generated solutions along with best parent(g) solutions to form pop(g+1). If the

7: Gotostep 3 ;

the weights of the nodes are randomly distributed in the closed interval [20, 70]. For Type 11
instances, weights are randomly distributed in the closed interval [1, dc(v)?], where dc(v)? is
square of the degree of the node v. For both Type I and Type II instances, the number of nodes
varies from 50 to 1000 and the number of edges varies from 50 to 20000. 10 instances were
generated for each combination of the number of nodes (|V'|) and the number of edges (| E|).
The number of edges is also varied keeping the number of nodes same so as to observe the
variation in the solution with the number of edges. Total 530 instances (53 x 10) were generated
for each of Type I and Type II datasets leading to a grand total of 1060 instances in these two
datasets.

UDG instances were generated by Potluri and Singh [85] using the topology generator of
[86]. The nodes are distributed randomly in an area of 1000 x 1000 units. The number of nodes
in these instances belong to {50, 100, 250, 500, 750, 1000}. Transmission range of all nodes
is fixed to either 150 or 200 units. Similar to Type I and Type II instances, 10 instances were
generated for each combination of number of nodes and the transmission range. This leads to a
total of 120 UDG instances.

Our EA/G-IR approach for MWDS has been implemented in C and executed on an Intel core
15-2400 processor based system with 4 GB RAM running under Fedora 16 at 3.10 GHz. gcc
4.6 .3-2 compiler with O3 flag has been used to compile the C program for our approach. In
all computational experiments with our approach, we have used N. = 100, 8 = 0.70, A = 0.60

and m; = 0.55. All these parameter values are chosen empirically after a large number of trials.
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3.5 Computational results

These parameter values provide good results, though they may not be optimal for all instances.

We have allowed our approach to execute for 800 iterations on each instance. In each iteration

Ne
4

i.e., 25 new solutions are generated. So total 800 x 25 = 20000 solutions are generated for
each instance which is same as generated by metaheuristic approaches proposed in [85]. ACO
of [83] generates 100000 solutions. To get an idea about the role of the improvement operator
in finding high quality solutions, we have also implemented another version of our approach
where no improvement operator is used. This version will be referred to as EA/G subsequently.

We have compared EA/G-IR and EA/G with four different approaches, viz. HGA, ACO-LS
& ACO-PP-LS approaches proposed in [85] and Raka-ACO approach proposed in [83].

Like [83] and [85], we have analysed our results according to the instance groups. By an
instance group, we mean the 10 instances with the same number of nodes and edges. An instance
group is characterized by an ordered pair (|V|, |E|). For this analysis, EA/G-IR is executed
only once on each instance like the metaheuristic approaches of [83] and [85]. Tables 3.2 to 3.5
report the results of Heu_A, Heu_I, Raka-ACO, HGA, ACO-LS, ACO-PP-LS, EA/G-IR and
EA/G on Type I and Type II instances, whereas Table 3.6 does the same for UDG instances
except for the fact an instance group here corresponds to 10 instances with the same number
of nodes and transmission range. Data for Raka-ACO is taken from [83], where only Type I
and Type II instances were used, and therefore, results of Raka-ACO on UDG instances are not
reported. Moreover, standard deviations of solution values and average execution times were
also not reported in [83] for Raka-ACO and that is why these two quantities for Raka-ACO
are not reported. As the C programs for HGA, ACO-LS and ACO-PP-LS were available, so
we have re-executed these programs on our system, so that execution time of these approaches
can be compared directly with our approaches. This re-execution only changed the execution
times from those reported in [85]. For each combination of number of nodes (|V|) and number
of edges (| E'|) (transmission range in case of UDG instances), these tables (Tables 3.2 to 3.6)
report the average solution quality (Mean) and standard deviation of solution values (SD) over
10 instances. All approaches have high standard deviation as these approaches were executed
once on each of the 10 instance and the value of the solution varies from one instance to the
other. For the two heuristics Heu_A and Heu_I, we have only reported the average solution
quality. In all these tables, a result in bold for EA/G-IR indicate that it is better than all the
existing approaches in the literature. ‘*’ indicates that EA/G-IR is worse than the best among
HGA, ACO-LS and ACO-PP-LS. A result in bold italic indicates that it is the best result among
Heu_A, Heu_I, Raka-ACO, HGA, ACO-LS and ACO-PP-LS. ‘§’ indicates that result of EA/G is
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equal to the best result among HGA, ACO-LS and ACO-PP-LS and ‘i’ indicates that the result
of EA/G is better than the best result among HGA, ACO-LS and ACO-PP-LS. The results of
Heu_I which are worse than Heu_A are marked with “- -” and which are better than Heu_A are
marked with “++”. Average time taken by different approaches is shown in Tables 3.7 to 3.11.
For better analysis of results, instances are divided into two classes, viz. small & medium size
and large size. Instances with 50 to 250 nodes are classified as small & medium size instances
and instances with 300 to 1000 nodes are classified as large size instances.

After comprehensive analysis of results returned by various approaches, following observa-

tions can be made:

1. From Tables 3.2 to 3.5, it can be observed that EA/G-IR outperformed Raka-ACO in
terms of solution quality on all Type I and Type II instance groups by a huge margin. As
the graph size increases the differences in solution quality also increases. As expected,
EA/G-IR obtained much better solutions in comparison to Heu_A and Heu_1I also on all

instance groups including groups of UDG instances.

2. For small & medium size Type I instances, EA/G-IR performed worse than HGA, ACO-
LS and ACO-PP-LS on two instance groups ( (50, 50) and (50, 750)), worse than best
among HGA, ACO-LS and ACO-PP-LS for three instance groups ((50, 100), (100, 100)
and (150, 150)), but equal to ACO-PP-LS for instance group (50, 100), better than HGA
and ACO-PP-LS for instance group (100, 100) and better than HGA for instance group
(150, 150). Out of 32 instance groups, average solution quality of EA/G-IR is worse than
best among HGA, ACO-LS and ACO-PP-LS on 5 instances, same as best among HGA,
ACO-LS and ACO-PP-LS on 4 instances and better than best among HGA, ACO-LS and
ACO-PP-LS on remaining 23 instance groups.

3. For small and medium size Type II instances, EA/G-IR performed worse than the best
among HGA, ACO-LS and ACO-PP-LS for instance group (150, 1000), but better than
ACO-LS and ACO-PP-LS. Out of 32 instance groups, EA/G-IR is worse than best among
HGA, ACO-LS and ACO-PP-LS on 1 group, equal to best among HGA, ACO-LS and
ACO-PP-LS on 11 groups and better than best among HGA, ACO-LS and ACO-PP-LS
on 20 groups.

4. EA/G-IR outperformed HGA, ACO-LS and ACO-PP-LS on all large size Type I and
Type I instance groups except for two large Type I instances group (300, 300) and (300,
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Table 3.2: Results of Heu_A, Heu_I, Raka-ACO, HGA, ACO-LS, ACO-PP-LS, EA/G-IR and EA/G
for small & medium size Type I instances.

V| |[E|  Heu_A Heu_I Raka-ACO HGA ACO-LS ACO-PP-LS EA/G-IR EA/G

Mean SD Mean SD Mean SD Mean SD Mean SD
50 50  578.30 578.30 539.80 531.30 26.86 531.30 26.86 532.60  26.26 532.90* 26.65 531.80 26.69
50 100 410.50 410.50 391.90 371.20 22.63 371.20 22.63 371.50  22.60 371.50* 22.57 371.30 22.59
50 250 197.20 197.20 195.30 175.70 838 176 8.41 175.70 8.38 17570  8.387 175.70F  8.38
50 500 105.50 105.50 112.80 94.90  6.30 9490 630 95.20 6.58 9490 630 94.90F  6.30
50 750 72.90 72.90 69.00 63.10 6.15 63.10 6.15 63.20 6.12 63.30*  6.18 6330 6.18
50 1000 48.10 48.10 44.70 41.50 1.78 4150 1.78 41.50 1.78 4150 178 41501 1.78

100 100 1168.00 1168.00 1087.20 1081.00  52.40 1066.90  47.85 1065.40  47.85 1065.50*  44.35 1065.401  45.10

100 250  676.70 676.70 698.70 626.20 36.17 627.20 30.70 627.40  30.84 620.00 33.95 620.80 34.41
100 500  397.30 397.30 442.80 358.30 19.98 362.50 19.23 36320  18.47 355.90 16.22 357.00f  17.33
100 750  294.90 294.90 313.70 261.20 13.85 263.50 15.12 265.00  12.80 256.70  8.91 257.90F  11.54
100 1000  235.10 235.10 247.80 205.60 8.10 209.20  8.61 208.80 9.24 203.60 7.07 204.80F  6.94
100 2000  122.30 122.30 125.90 108.20  3.12 108.10  3.07 108.40 3.47 108.10 2,92 107.90F 3.1
150 150 1727.60 1724.407+ 1630.10 1607.00 64.49 1582.80 57.90 158520  59.21 1587.40*  59.18 1594.60 58.49
150 250 1340.50 1340.50 1317.70 1238.60 48.56 1237.20 4548 1238.30  44.26 1224.50 46.14 1240.30 54.61
150 500  830.40 830.40 899.90 763.00 43.02 767.70  45.69 768.60 4279 755.30 41.34 762.30F 42,91
150 750  611.40 611.40 674.40 558.50 27.83 565.00 31.16 562.80  33.39 550.80 28.12 552.70F  27.04
150 1000  488.70 488.70 540.70 438.70 23.02 446.80 22.46 44830 211.00 43520 17.58 43930 18.72
150 2000  271.50 271.50 293.10 245.70 13.94 259.40  9.34 255.60 9.05 241.50 12.20 242.10F  12.66
150 3000  191.10 191.10 204.70 169.20 10.39 173.40 10.86 175.20 7.89 168.10  9.89 168.00F  9.80

200 250 2095.10 2095.10 2039.20 1962.10 52.30 193430 52.62 1927.00  54.60 1924.10 50.76 1951.70  65.32
200 500 1380.80 1380.80 1389.40 1266.30  40.07 1259.70  45.80 1260.80  50.59 1251.30 48.03 1269.50 58.69

200 750 1020.50 1020.50 1096.20 939.80 49.22 938.70 4479 940.10  44.97 927.30 48.30 935301 44.04
200 1000  809.60 809.60 869.90 747.80 16.41 75120 16.40 75370  19.30 731.10  20.89 736.50F  16.87
200 2000 46750 467.50 524.10 432.90 17.46 44020 16.52 44470  16.61 417.00 12.66 422.40%  14.35
200 3000  334.80 334.80 385.70 308.50 1228 309.90 11.86 31520 1744 29470 11.93 297.80F  14.41
250 250 2906.00 2906.00 NA 2703.40 80.70 2655.40 7291 2655.40  74.63 2653.70 60.52 2695.50 66.78
250 500 2040.90 2040.90 NA 1878.80 77.85 1850.30  55.49 1847.90  68.49 183530 60.11 1909.30  74.25
250 750 1533.80 1537.007~ NA 1421.10  40.16 1405.20  36.56 1405.50  34.09 1399.20  41.69 1436.90 58.39
250 1000 1238.80 1238.80 NA 1143.40 43.43 1127.10  43.03 112290 2648 111490 30.70 1137.30  43.68
250 2000  715.80 715.80 NA 656.60 30.73 672.80 29.18 676.40  30.88 637.50 35.52 657.40f  33.90
250 3000  500.40 500.40 NA 469.30 22.09 474.10  20.02 476.30  21.77 456.30 19.49 459.50f  19.16
250 5000  328.40 328.40 NA 300.50  9.65 31040 12.18 308.70  11.56 291.80 5.16 295.50f  5.42

NA indicates that result is not available for that instance.

500), where ACO-PP-LS obtained better solution quality. For both types of instances,

difference in solution quality grows with the number of nodes and the degree of the nodes.

It can also be observed that improvement in solution quality by EA/G-IR for small &
medium size instances is less in comparison to large size instances. Actually, for small
size instances, the results obtained by all the approaches are either optimal or are very
close to the optimal and that is why EA/G-IR either obtained the same solution or not able
to improve them much. On the other hand, for large size instances, existing approaches
could not scale well and their solution quality deteriorates, and, that is why EA/G-IR

obtained noticeable improvement in solution quality on almost all the instances.
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Table 3.3: Results of Heu_A, Heu_I, Raka-ACO, HGA, ACO-LS, ACO-PP-LS, EA/G-IR and EA/G
for large size Type I instances.

[v| |E| Heu_A Heu_I Raka-ACO HGA ACO-LS ACO-PP-LS EA/G-IR EA/G
Mean SD Mean SD Mean SD Mean SD Mean SD
300 300  3481.50 3481.50 NA 325520 74.13 3198.50  63.82 320590  70.39 3213.70*  75.81 3288.30  80.56
300 500  2697.90 2697.90 NA 2509.80  69.21 247920  80.75 2473.3 8444 2474.80*  76.95 257490  85.18
300 750  2104.30 2099.40++ NA 193390 81.23 1903.30  55.08 1913.90  64.69 1896.30  55.74 1977.60  78.11
300 1000 1688.00 1686.20"+ NA 1560.10  35.27 1552.50  32.51 1555.80  36.19 1531.00 2843 1604.30  52.85
300 2000 965.60 965.60 NA 909.60  22.85 916.80  25.61 916.50  23.08 880.10  21.91 904.40F  26.61
300 3000 701.00 701.00 NA 654.90 2444 667.80  30.00 670.70  28.00 638.20  22.15 645.60  26.04
300 5000 459.80 459.80 NA 42830 1507 43740 1659 43590 1622 41570 10.32 419600 744
500 500  5820.50 5820.50 5476.30 5498.30 11345 5398.30  100.57 5387.70  99.53 5380.10 89.37 5630.00 153.32
500 1000 4039.80 4038.10+* 4069.80 3798.60  92.08 3714.80 103.77 3698.30 85.61 3695.20 107.47 3990.20 144.51
500 2000  2484.90 2484.90 2627.50 233820 7775 2277.60  60.20 227590  65.12 226430  84.53 242730 9445
500 5000  1177.10 1177.10 1398.50 112270 30.96 111530 35.79 111020  41.94 1083.50  33.27 1128.00  30.84
500 10000 670.50 670.50 825.70 641.10  22.18 652.80 11.81 650.90 119.00 606.80 11.57 625.70* 8.87
800 1000  8472.10 8472.10 8098.90 8017.70 141.01 8117.60 162.03 8068.00 178.60 7792.20 108.34 8426.60 134.45
800 2000 564140 5639.707+ 5739.90 5318.70 130.02 5389.90 151.14 5389.60 144.43 5160.70  76.92 5641.40 154.05
800 5000  2739.90 2739.90 3116.50 2633.40  69.07 26160  66.49 2607.90  62.02 256190 37.51 2702.40  53.32
800 10000 1590.60 1590.60 1923.00 1547.70  45.66 1525.70  32.40 1535.30  31.00 1497.00 3341 1559.60  28.70
1000 1000 11666.30 11666.30 10924.40 11095.20 147.38 11035.50 174.92 11022.90 129.43 10771.70  122.15 11599.10 109.77
1000 5000  4168.50 4168.50 4662.70 3996.60  73.73 4012.00 8191 4029.80  85.90 3876.30 64.70 4163.50 101.85
1000 10000  2379.80 2379.80 2890.30 233470 6451 231490  64.03 2306.60  56.03 226510  51.68 2365.80  58.32
1000 15000  1704.00 1704.00 2164.30 1687.50  28.29 1656.30  44.23 1657.40  40.05 1629.40  30.04 1682.60  41.04
1000 20000  1351.00 1351.30 1734.30 1337.20  30.97 1312.80  22.52 131580  24.10 1299.90 19.32 1333.70  22.36

NA indicates that result is not available for that instance.

5. For UDG instances, out of 12 instance groups, average solution quality returned by

EA/G-IR is equal to the best among HGA, ACO-LS and ACO-PP-LS on 6 groups and

better than all the three on remaining 6 groups.

All the observations made so far clearly show the superiority of EA/G-IR over
existing approaches in terms of solution quality which again vindicates the advantage of
using both the global statistical information about the search space as well as location

information of the solution generated so far while generating offspring.

From Tables 3.7 to 3.11, we can clearly say that EA/G-IR is much faster than HGA,
ACO-LS and ACO-PP-LS. From these tables, it can also be realized that as the size of the
graph increases, the average execution time taken by HGA, ACO-LS and ACO-PP-LS
grow faster than that of EA/G-IR. The superiority of EA/G-IR over HGA in terms of
execution time is due to the use of subset encoding in EA/G-IR in place of bit vector
encoding which is used in HGA, and efficient implementation of repair operator (see
Section 3.4.5). Size of dominating set is much less than the total number of nodes present

and as such use of subset encoding wields a significant advantage in terms of time also
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Table 3.4: Results of Heu_A, Heu_I, Raka-ACO, HGA, ACO-LS, ACO-PP-LS, EA/G-IR and EA/G
for small & medium size Type II instances.

[V [E| Heu_A Heu_I Raka-ACO HGA ACO-LS ACO-PP-LS EA/G-IR EA/G
Mean SD Mean SD Mean SD Mean SD Mean SD
50 50 64.90 64.90 62.30 60.80 571 60.80 571 60.80 571 60.80 571 60.80 571
50 100 100.10 100.10 98.40 90.30 17.21 90.30 17.21 90.30 17.21 90.30  17.21 90301 17.21
50 250 165.40 165.40 202.40 146.70  40.54 146.70  40.54 146.70  40.54 146.70  40.54 146.701  40.54
50 500  205.50 205.50 312.90 179.90  63.14 179.90  63.14 179.90  63.14 17990  63.13 179.90"  63.13
50 750  178.10 178.10 386.30 171.10  913.00 171.10  913.00 171.10  913.00 171.10  91.33 17110t 91.33
50 1000  162.80 162.80 NA 146.50  97.30 146.50 973 146.50  97.30 146.50  97.30 146.501  97.30
100 100 133.00 132.10*+ 126.50 12450  15.26 123.60  14.77 123.50 1474 12350 14.74 12370 1474
100 250  229.20 229.20 236.60 21140 21.76 21020  21.95 21040 2243 20920 21.33 209.60  21.33
100 500  340.80 340.80 404.80 306.00 45.17 307.80  44.70 308.40 4446 305.70 4527 305.70 4527
100 750  437.80 437.80 615.10 385.30 8276 385.70  83.08 386.30  82.64 38450 82.16 384.50"  82.16
100 1000  470.30 470.30 697.30 429.10  76.13 43030  79.43 430.30  79.43 42730 77.05 427.30  77.05
100 2000  615.40 615.40 1193.90 550.60 171.77 558.80  169.7 559.80 171.82 550.60 171.77 550.60T  171.77
150 150  198.00 198.307~ 190.10 186.00  18.24 184.70 1799 18490 18.21 184.50 17.70 185.40  17.70
150 250 25540 255.40 253.90 23490 2147 23320  21.02 23340  20.84 232.80 20.52 23350  20.52
150 500  376.80 376.80 443.20 350.00  36.99 351.90  38.66 351.90  38.66 349.70  37.17 351.30  37.17
150 750  513.50 513.50 623.30 45580  77.80 45690  77.96 454.70  78.06 45240 7744 453.60°  77.44
150 1000  622.80 622.80 825.30 547.50  82.12 55140  83.67 549.00  81.68 548.20*  82.97 551.00 8297
150 2000  833.40 833.40 1436.40 720.10 180.32 725770 179.45 725770 179.45 720.10 180.32 720.107  180.32
150 3000  888.50 888.50 1751.90 792.60 218.03 794.00 220.10 806.20 24543 79240 217.92 79320 217.92
200 250 29740 296.70TF 293.20 275.10  21.55 272.60  20.12 272.60 20.31 27230 2038 27480  20.38
200 500  427.00 427.00 456.50 390.70  55.66 388.60  56.42 388.40  56.64 388.40  56.80 389.00  56.80
200 750  560.50 560.50 657.90 507.00  60.41 501.70  50.44 501.40  50.10 49720 51.94 501.70  51.94
200 1000  668.10 668.10 829.20 601.10  52.84 605.90  47.97 605.80  49.16 59820 51.77 599.20%  51.77

200 2000 1004.70 1004.70 1626.00 893.50 150.64 891.00 136.47 892.90 133.15 885.80 106.64 885.80%  106.64
200 3000 1140.80 1140.80 2210.30 1021.30 162.54 1027.00 164.38 1034.40 167.73 1019.70  162.83 1023.80 162.83

250 250 32720 327.307" NA 310.10  19.60 306.50 17.89 306.70  17.98 306.50  17.47 31250 17.47
250 500 48570 485.30"F NA 444.00 3035 44380  32.84 443.20  32.47 441.60  31.53 44850  31.53
250 750  635.40 635.40 NA 57820 42.33 573.10  40.82 57590  42.70 569.20  40.67 579.90  40.67
250 1000  749.70 749.70 NA 672.80 5942 671.80  58.56 675.10  60.79 67170 6227 67740 6227
250 2000 1154.30 1154.30 NA 1030.80 139.83 1033.90 131.02 1031.50 129.71 1010.30  126.98 1019.60%  126.98
250 3000 1438.80 1438.80 NA 1262.00 216.63 1288.50 212.74 1277.00 228.16 1250.60 214.08 1253.80F  214.08
250 5000 1741.10 1741.10 NA 1480.90  307.17 1493.60 306.43 1520.10  349.30 1464.20 278.38 1470.30%  278.38

NA indicates that result is not available for that instance.

over bit vector encoding. ACO-LS and ACO-PP-LS also uses subset encoding, but
they are slower than EA/G-IR, because each solution in ACO-LS and ACO-PP-LS are
constructed from scratch by performing a random walk on the graph where probability

vector needs to be updated whenever a node is added to the partially constructed solution.

Combining the observation made here regarding execution times with observations made
previously regarding the average solution quality of EA/G-IR vis-a-vis HGA, ACO-LS
and ACO-PP-LS, we can say that EA/G-IR, in general, returns solutions of better quality
in much shorter time when compared with HGA, ACO-LS and ACO-PP-LS.

7. Another important point about EA/G-IR is its fast rate of convergence. EA/G-IR on most
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Table 3.5: Results of Heu_A, Heu_I, Raka-ACO, HGA, ACO-LS, ACO-PP-LS, EA/G-IR and EA/G
for large size Type II instances.

V]| |E|  Heu_A Heu_I Raka-ACO HGA ACO-LS ACO-PP-LS EA/G-IR EA/G

Mean SD Mean SD Mean SD Mean SD Mean SD
300 300  397.90 397.80 NA 375.60 24.79 37110 23.14 371.10 2344 370.50  23.14 380.00 24.62
300 500  516.00 516.00 NA 484.20 39.19 480.80  40.13 4812 40.05 480.00 41.24 491.00  40.46
300 750  680.70  679.90"" NA 623.80 52.76 621.60  48.76 618.30  48.90 613.80 5225 631.50  55.27
300 1000  828.70 828.70 NA 751.10 75.91 74490  77.80 743.50  74.20 74220 7228 767.10  75.65
300 2000 1240.60 1240.60 NA 1106.70  116.09 1111.60  114.61 1107.50 112.03 1094.90 106.64 1107.70  113.15
300 3000 1555.30 1555.30 NA 1382.10 12593 1422.80 153.78 141530  167.50 1359.50  129.06 1371.90F  141.51
300 5000 1941.10 1941.10 NA 1686.30  294.44 1712.10 29141 1698.60  300.02 1683.60 294.89 1686.20F  295.82
500 500  668.60  668.207" 651.20 632.90 29.54 627.50  30.06 627.30  30.13 625.80 3041 650.90  34.35
500 1000  987.50  987.40FF 1018.10 919.20 41.71 913.00  35.69 912.60 36.56 906.00 4237 955.70  44.21
500 2000 1508.10 1507.50"F 1871.80 1398.20  131.90 1384.90 121.03 1383.90 121.77 1376.70 11691 144130 139.79

500 5000 2668.10 2668.10 4299.80 239320  222.03 2459.10 272.38 2468.80 260.35 2340.30 210.28 2412.50 248.49
500 10000 3723.30 3723.30 8543.50 3264.90 4218.00 3377.90 470.35 3369.40 482.89 3216.40 389.63 3236.90F  400.42

800 1000 1193.10 1192.50"+ 1171.20 1128.20 48.22 1126.40  51.56 112510  50.79 1107.90 4543 1187.60  50.73
800 2000 1813.00 1811.60"* 1938.70 1679.20 74.70 1693.70  80.25 1697.90  80.26 1641.70  75.40 1797.50  93.04
800 5000 3321.50 3321.50 4439.00 3003.60  204.03 3121.90 227.35 3120.90 229.21 2939.30 21391 3200.40 243.65

800 10000 472530 4725.30 8951.10 4268.10  379.71 4404.10 380.67 444790 371.23 4155.10 346.83 4353.50 349.66

1000 1000 1338.50 1335.90"* 1289.30 1265.20 30.99 1259.30  33.44 1258.60  34.35 1240.80  30.45 1333.10  38.86
1000 5000 3596.40 3596.40 4720.10 3320.10  221.66 3411.60 22822 3415.10  209.28 3222.00 196.89 3586.20 234.63
1000 10000 5432.60 5432.60 9407.70 4947.50  330.77 5129.10 308.66 5101.90 306.17 4798.60 291.65 5247.00 295.84
1000 15000 6857.00 6857.00 14433.50 6267.60  463.09 6454.60 445.76 6470.60 467.53 5958.10 427.56 6364.40 498.45
1000 20000 7785.60 7785.60 19172.60 7088.50  659.71 7297.40 598.98 7340.80  604.06 677580 571.69 7066.80F  498.82

NA indicates that result is not available for that instance.

Table 3.6: Results of Heu_A, Heu_I, HGA, ACO-LS, ACO-PP-LS, EA/G-IR and EA/G for UDG

instances.

V| Range Heu_ A Heu_I HGA ACO-LS ACO-PP-LS EA/G-IR EA/G

Mean SD Mean SD Mean SD Mean SD Mean SD

50 150 429.60 429.60 39430 59.42 393.90 58.89 393.90 58.89 393.90 58.98 393.90"  58.89
50 200 264.50 264.50 247.80 48.06 247.80 48.06 247.80 48.06 247.80 48.06 247.80"  48.06

100 150 484.40 484.40 450.40 73.23 449.70  73.71 449.70 73.71 449.70 73.71 449.701  73.71
100 200 237.50 237.50 217.30 18.56 216.00 18.34 216.00 18.34 216.00 18.34 216.001 18.34

250 150  323.80 323.80 294.20 5342 294.60 52.92 29450 5292 293.70 52.48 203.90¢ 52.86
250 200 135.10 135.10 119.10 17.80 118.90 17.95 118.90 17.95 118.70 18.02 118.70%  18.02

500 150 183.80 183.80 17270 36.91 170.80 35.88 170.90 35.45 169.90 34.66 170.50F  35.18
500 200  77.40  77.40 68.10 11.29 68.00 11.37 68.00 11.37 68.00 11.37 68.00 11.37

800 150 129.50 129.50 11590 18.33 114.10 16.58 114.00 16.45 113.90 16.47 11450 16.93

800 200 48.20  48.20 42.60 8.04 41.00 7.60 40.80  7.47 40.80  7.56 40.90  7.56
1000 150  136.30 136.30 1250 16.17 121.90 14.12 121.90 13.64 121.10 13.53 121.50%  13.31
1000 200 53.40 53.40 4720 6.12 46.00 5.72 46.20  5.55 4590 5.70 46.80  6.43

of the instances reached the best solution after few iterations only. As already mentioned,

EA/G-IR generates 20000 solutions for each instance, but on most of the instances, it
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Table 3.7: Average execution time of HGA, Table 3.8: Average execution times of HGA,
ACO-LS, ACO-PP-LS, EA/G-IR and EA/G ACO-LS, ACO-PP-LS, EA/G-IR and EA/G
in seconds on small & medium size Type I in seconds on small & medium size Type II
instances. instances.

V| |E| HGA ACO-LS ACO-PP-LS EA/G-IR EA/G V| |E| HGA ACO-LS ACO-PP-LS EA/G-IR EA/G
50 50 098 0.44 0.40 021 0.5 50 50 1.267 0.40 0.40 0.19 0.6
50 100 0.87 0.33 0.30 023 0.15 50 100 1.04 0.30 0.30 027  0.15
50 250 077 0.20 0.20 018  0.12 50 250 146 0.34 0.30 023  0.14
50 500 0.80 0.20 0.20 0.16  0.13 50 500 0.93 0.20 0.20 009 0.4
50 750 0.70 0.10 0.10 010 0.13 50 750 125 0.25 0.20 007  0.14
50 1000  0.70 0.10 0.10 0.10 0.1 50 1000 095 0.15 0.10 006  0.12
100 100 345 1.54 1.40 076 045 100 100 4.12 1.57 1.50 086  0.46
100 250 330 1.22 1.10 072 039 100 250 447 1.42 1.30 092 043
100 500 2.6l 1.03 0.90 0.60 033 100 500 4.90 1.30 1.20 078 038
100 750  2.02 0.84 0.80 052 031 100 750 374 1.04 1.00 070 036
100 1000 230 0.80 0.80 049 032 100 1000 447 1.05 1.00 0.67 035
100 2000 2.86 0.70 0.70 045 035 100 2000 4.68 0.96 0.90 054 039
150 150 931 3.94 350 164 081 150 150 12.00 3.70 3.50 185 082
150 250 8.60 355 3.10 171 078 150 250 12.68 3.75 3.40 203 082
150 500  6.68 2.66 2.40 145 0.67 150 500 11.46 327 2.90 195 075
150 750  5.69 233 2.10 127 061 150 750 10.12 274 2.60 178 0.0
150 1000  5.90 225 2.00 L1 056 150 1000 8.88 2.48 230 161 0.68
150 2000 4.74 1.70 1.70 0.88  0.55 150 2000 8.96 225 2.10 120 0.64
150 3000 4.74 171 1.60 082 059 150 3000 29.94 7.00 7.00 107 0.68
200 250 17.99 7.63 6.60 368 126 200 250 21.77 6.90 6.30 438 131
200 500 14.81 5.85 5.10 330 111 200 500 2222 6.50 5.70 451 122
200 750 13.74 5.18 4.50 278 101 200 750 2233 6.08 5.40 418 114
200 1000 1245 45 4.00 239 094 200 1000 17.92 538 4.90 389 1.08
200 2000 8.6l 3.68 3.40 168 0.82 200 2000 16.93 472 4.30 278 098
200 3000 827 327 3.10 142 081 200 3000 1837 4422 4.30 216 095
250 250 31.23 13.96 12.20 465  1.85 250 250 41.76 13.29 12.10 526 1.90
250 500 27.08 11.35 9.90 466 1.67 250 500 43.77 12.48 11.20 6.10  1.80
250 750 2655 9.65 8.40 425 152 250 750 3930 11.72 10.50 609 170
250 1000 2334 8.54 750 369 142 250 1000 39.05 10.95 10.00 589 1.6l
250 2000 14.63 6.50 6.00 265 122 250 2000 31.97 8.95 8.50 423 141
250 3000 13.80 5.70 5.40 216 115 250 3000 29.76 8.50 8.20 350 135
250 5000 12.92 498 4.80 185 116 250 5000 29.69 7.09 6.90 259 134

reached the best solution after generating 300 to 10000 solutions. Very few instances
took more than 15000 solutions to reach the best solution. Specially on Type II instances,
it took a very less number of iterations to reach the best solution. On most of Type 11

instances, it has generated less than 5000 solutions to reach the best solution.

. As far as comparison between Heu_I and Heu_A is concerned, out of a total of 106 groups

of Type I and Type II instances where each group contains 10 instances with the same
number of nodes and edges, the average solution quality of Heu_I is worse than that of

Heu_A on 3 groups, equal to Heu_A on 87 groups and better than Heu_A on 16 groups.
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For UDG, Heu_I found the same results as Heu_A for all instances. Heu_I could not
improve the results of Heu_A for UDG, the reason can be the less number of edges in
these graphs. Overall, the results of Heu_I and Heu_A vindicate our two modifications

(Section 3.3).

9. When we compare EA/G with EA/G-IR, we can see that EA/G is quite capable of finding
a high quality solution on its own on small and medium size instances. On the majority of
these instances, it is able to find solutions as good as or better than HGA, ACO-LS and
ACO-PP-LS, all of which use a local search. There is not much difference in solution
quality obtained by EA/G and EA/G-IR on most of these instances. On the other hand,
on large instances the benefits of improvement operator are evident as there is a large
difference in solution quality between EA/G and EA/G-IR on all the instances. However,
this improvement in solution quality comes at the expense of increased execution time.

EA/G-IR is much slower in comparison to EA/G on large instances.

In Table 3.2, there are four instance groups where the average solution quality of EA/G
is better than EA/G-IR, which seems to be anomalous. However, this is due to the difference
in execution sequence between EA/G and EA/G-IR. Actually, when the solutions obtained by
EA/G and EA/G-IR produce offspring through guided mutation, then these may have a different
set of white nodes, and as a result, execution sequences in repair operator may be completely
different. This difference in execution sequence in some rare cases can produce a solution which

is even better than the one obtained through the improvement operator.
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Table 3.9: Average execution times of HGA, Table 3.10: Average execution times of
ACO-LS, ACO-PP-LS, EA/G-IR and EA/G HGA, ACO-LS, ACO-PP-LS, EA/G-IR and
in seconds on large Type I instances. EA/G in seconds on large Type II instances.
IV |[El HGA ACO-LS ACO-PP-LS EA/G-IR EA/G IV |E[ HGA ACO-LS ACO-PP-LS EA/G-IR EA/G
300 300 5264 2227 19.10 873 238 300 300 6970 21.06 19.20 901 241
300 500 4977 1872 1630 721 218 300 500 7250 2022 18.10 883 232
300 750 4442 1621 1430 648 195 300 750 6433 19.07 17.00 757 217
300 1000 40.54 14.27 12.40 5.70 1.80 300 1000 59.28 17.68 16.00 8.96 2.06
300 2000 2660  10.50 9.50 403 146 300 2000 5525 1531 14.30 667 172
300 3000 2243 9.26 8.60 327 134 300 3000 4613 1555 13.60 541 158
300 5000 17.12 7.81 7.50 259 130 300 5000 4485 1224 11.70 402 150
500 500 20483 89.57 7750 3752 602 500 500 28490 8138 7390 3106 636
500 1000 25038  100.00 8100 2636 5.1 500 1000 26861  77.31 6850 2827 569
500 2000 145.95 60.13 54.40 25.54 4.05 500 2000  233.33 72.37 65.00 23.41 4.58
500 5000 7535 33.79 30.10 902 3.06 500 5000 12230 5134 5100 1736 317
500 10000 4362 2515 24.40 608 277 500 10000 11896  37.41 3760 1080 238
800 1000 841.64 443.92 409.20 12994  14.63 800 1000 1091.83 300.80 268.30 13236 14.58
800 2000 57634  301.57 20220 10209 1176 800 2000 927.69  307.11 28220 11184 1249
800 5000 34605 16534 14890 53019 7.1 800 5000 52534  227.41 22400 6814 864
800 10000 162.32 97.28 95.90 31.17 5.12 800 10000  387.92 148.32 148.20 40.15 6.02
1000 1000 2193.48 102379 92240 24982 2376 1000 1000 2149.54  574.95 51420 20208 2357
1000 5000 626,10 34112 32650 10741 13.03 1000 5000 111249 46420 46130 13294 15.05
1000 10000  380.27 207.39 194.70 63.22 9.02 1000 10000  739.45 323.16 324.40 84.82 1091
1000 15000 254.64 16273 15080 4586  7.44 1000 15000  617.16 25167 25180 6164 896
1000 20000 17450  142.40 13920 3635 657 1000 20000 53683  212.02 21380 5920 778

Table 3.11: Average execution times of HGA, ACO-LS and ACO-PP-LS, EA/G-IR and EA/G in
seconds on UDG instances.

V| Range HGA ACO-LS ACO-PP-LS EA/G-IR EA/G

50 150 0.48 0.30 0.30 0.23 0.13
50 200 0.45 0.30 0.30 0.20 0.12
100 150 1.58 1.10 1.10 0.47 0.36
100 200 1.47 0.90 0.80 0.47 0.31
250 150 8.99 6.20 6.10 2.30 1.16
250 200 5.05 5.20 5.20 1.77 1.03
500 150 27.05 23.50 23.40 3.43 2.48
500 200 22.01 19.80 19.70 2.34 2.51
800 150 79.82 63.90 63.50 10.23 2.99
800 200 64.80 51.40 50.90 7.86 5.42
1000 150 115.31 98.40 97.50 13.76 6.71
1000 200 83.61 79.20 78.40 5.42 3.45
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3.6 Conclusions

In this chapter, we have presented a hybrid approach called EA/G-IR combining evolutionary
algorithm with guided mutation (EA/G) and an improvement operator for minimum weight
dominating set problem. We have compared the performance of our EA/G-IR approach with
other state-of-the-art approaches available in the literature on standard benchmark instances
comprising general graphs and unit disk graphs. Computational results clearly show the
superiority of EA/G-IR over other state-of-the-art approaches as it is able to find better quality

solutions in general in much shorter time.
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Chapter 4

Dominating Tree Problem

4.1 Introduction

Consider an undirected, connected and edge-weighted graph G = (V, E'), where V' denotes the
set of vertices or nodes and E' denotes the set of edges. The dominating tree problem (DTP)
is concerned with finding a tree DT’ of minimum total edge weight on G in such a way that
each node v € V either belongs to DT or is adjacent to a node belonging to DT, i.e., the set of
nodes present in DT should form a dominating set. Accordingly, nodes in DT are said to be
dominating nodes, whereas nodes which do not belong to DT are said to be non-dominating
nodes. DTP is NP-hard in general [87, 88]. However, in some special cases DTP can be solved
in polynomial time, e.g. cases where the underlying graph is complete or is a tree. In case
of a complete graph, each node is a minimum dominating tree in itself with cost 0. In case
the underlying graph G is a tree, the minimum dominating tree is the subgraph (subtree) of G
induced by non-leaf nodes.

The DTP, a relatively new problem, finds applications in the area of wireless sensor networks
(WSNs). One such application of the DTP is to provide a virtual backbone for routing [82].
In this scheme, routing information is stored only on the dominating nodes after computing a
dominating tree DT'. Since non-dominating nodes are one hop away from nodes of the DT, in
order to forward a message from one node (sender) to another node (receiver), the message can
always be first forwarded to the nearest dominating node of the sender, then routed to the nearest
dominating node of the receiver with the help of the DT, and finally forwarded to the receiver.
Non-dominating nodes only need to know the nearest dominating node. The advantage of this

scheme is that the number of dominating nodes is small in comparison to the total nodes [82],
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thereby, significantly reducing the size of the routing tables. Such a scheme is more resilient to
faults also as these tables need to be recalculated only when topological changes in the network
affect one of the dominating nodes.

In the literature, the connected dominating set concept has been widely used for construct-
ing a routing backbone in WSNs with minimum energy consumption [89, 90, 91, 92, 93].
However, these approaches focus on the nodes instead of the edges in order to minimize the
energy consumption. Actually, the energy consumption at each edge directly affects the energy
consumption of routing. Therefore, one has to consider the energy consumption by each edge
in order to minimize the energy consumption of routing. With this intention, the DTP was
formulated [87, 88]. There exists another related problem called the tree cover problem that has
been studied in the literature [94, 95, 96], but this problem is different from the DTP. A tree
in the tree cover problem is defined as an edge dominating set, whereas a tree in the DTP is
defined as a node dominating set.

Actually, communication in wireless sensor networks can be modelled using disk graphs
where each disk around a sensor node represents the transmission range of that node. There
exists an edge between a pair of nodes if these two nodes lie in the intersection area of their
respective disks. In other words, an edge exists between a pair of nodes only when these two
nodes are within the transmission range of each other. Obviously, only those nodes which
are connected by an edge can communicate directly with each other. Figure 4.1(a) explains
this concept where three nodes A, B and C are placed randomly in a 50m x 50m area. The
transmission range of each node is assumed to be 10m. Ap, Bp and Cp are the disks associated
with nodes A, B and C respectively. In this figure, for the sake of clarity, each node and its
associated disk is represented with the same color which is different from the colors assigned to
other nodes and their associated disks. Nodes A & B lie in the intersection area of disks Ap
& Bp. Similarly, nodes B & C lie in the intersection area of disks Bp & Cp. Hence, an edge
exists between A & B and another edge exists between B & C. On the other hand, nodes A & C
do not lie in the intersection area of their respective disks, viz. Ap & Cp, and hence there exists
no edge between A & C. From this figure, it can also be observed that if the radius of the disks
increases, the number of edges can increase.

Figure 4.1(b) shows a wireless sensor network consisting of 15 nodes, each with a trans-
mission range of 20m, placed randomly in a 50m x 50m area. The disks associated with each

node are also shown. This figure uses the same coloring scheme as used in Figure 4.1(a). The
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(c) Disk graph corresponding to WSN of Figure 4.1(b) (d) A dominating tree on disk graph of Figure 4.1(c)

Figure 4.1: Illustration of a disk graph and a dominating tree

corresponding disk graph is shown in the Figure 4.1(c). A possible dominating tree on this disk

graph is shown in Figure 4.1(d) with thick red color edges.

Shin et al. [87] and Zhang et al. [88] both proved the NP-hardness of the DTP, provided

the inapproximability results and introduced an approximation framework for solving the DTP.

lg|V|

Since approximation algorithm is quasi-polynomial (|V'|?9IVD) each of them developed a
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polynomial time heuristic for the DTP. Later, Sundar and Singh [97] proposed one more heuristic
and two metaheuristic techniques, viz. artificial bee colony (ABC) algorithm and ant colony
optimization (ACO) algorithm for the DTP. To the best of our knowledge, only these two
metaheuristic approaches have been proposed in the literature for the DTP. The heuristic of [97]
outperformed the heuristics proposed in [87] and [88].

In this chapter, we present a heuristic and an evolutionary algorithm with guided mutation
(EA/G) for the DTP. Our heuristic is derived from the heuristic proposed in [97]. We have
compared our approaches with the previously proposed approaches. Computational results show
the effectiveness of our approaches.

The organization of the remaining part of this chapter is as follows: Section 4.2 presents the
formal problem formulation and introduces the notational conventions used in this chapter. Sec-
tion 4.3 describes the modifications proposed in the heuristic of [97]. Section 4.4 describes
our EA/G approach for the dominating tree problem. Computational results are presented in

Section 4.5. Finally, Section 4.6 presents some concluding remarks.

4.2 Problem formulation

Let G = (V, E) be an undirected connected graph, where V' is the set of vertices or nodes and
FE is the set of edges. As defined already in the previous chapter, two nodes u and v are called
neighbors of each other or adjacent to each other, iff, there exists an edge between them, i.e.,
(u,v) € E. Likewise, two edges e; ; and ey, ; are called neighbors of each other or adjacent to
each other, iff, they have a node in common. Given a non-negative weight function w : £ — R*
associated with the edges of GG, the dominating tree problem (DTP) seeks on GG a tree D'I" such
that for each node v € V, v is either in DT or adjacent to a node in D" and has a minimum

total edge weight among all such trees, i.e.,

Zei,jGDT w(ei)j)

is minimum. Nodes in DT are called dominating nodes, whereas nodes not in DT are called

non-dominating or dominatee nodes. In this chapter, we will also call any edge belonging to

DT adominating edge, and any edge not in DT" a non-dominating or a dominatee edge.
Throughout this chapter, while constructing a dominating tree, we will follow the convention

that a node which is neither in the tree nor adjacent to a node in the tree is assumed to have color

74



4.3 Heuristic

WHITE, a node which does not belong to the tree, but is adjacent to a node in the tree is assumed
to have color GREY, and a node belonging to the tree is assumed to have color BLACK. Initially,
all nodes are assumed to have color WHITE. When construction of dominating tree is completed
then nodes belonging to the tree will have BLACK color and all other (non-dominating) nodes
will have GREY color.

Important notational conventions used throughout this chapter are given in the Table 4.1.
Please note that On(v) and C'N (v) are already introduced in the previous chapter. Additional

notational conventions will be introduced wherever those will be used.

Table 4.1: Notational convention

Notation Definition

Cuw Edge between nodes v and v, i.e., (u,v) € E.

w(ey,w) weight of the edge e, .

ON(v) CV {u:u €V and (u,v) € E} is called open neighborhood of node v € V.
CN(w)CV ON (v) U {v} is called closed neighborhood of node v € V.

wd(v) € CN(v) Set of WHITE nodes in the closed neighborhood of node v € V.

c(i,5) has value 1 if at least one of ¢ and j have color WHITE, 0 otherwise.

4.3 Heuristic

This section describes our heuristic, which is an improved version of the heuristic H_DT
proposed in [97]. We will refer to our heuristic as M_DT hereafter. Similar to the H_DT, the
M_DT consists of two phases. The first phase is the initialization phase in which the shortest
path between all pairs of nodes in the graph G are computed. The second phase consists of
an iterative procedure to construct a dominating tree. At the beginning of the second phase of
the M_DT, all nodes are assumed to have color WHITE, and we start with an empty tree DT

During each iteration, an edge e; ; is selected using the following expression (Equation (4.1)).

w X
€;j ¢ argmax (eu,v) nc(euﬂ,)
euw€EE w(eyw)

“.1
where W (ew) is (3 conw) Weua) X c(u, ) + 32 congw) W(evy) X c(v,y) — wlewy) x

c(u,v)), i.e., W(ey,) is the sum of the weights of all those edges which can potentially be

avoided in DT in case the edge e, , is selected and nc(e,, ,) is |wd(u) U wd(v)], i.e., nc(ey )
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gives the number of WHITE nodes in the closed neighborhood of nodes » and v. Therefore,
expression Equation (4.1) selects an edge considering not only its own characteristics, but also
the characteristics of its adjacent edges. The characteristics that are considered are the weight of
an edge and the color of its end points. Further processing in the iteration depends on the color

of the nodes ¢ and j. Depending on the color of the nodes ¢ and j, following cases can occur:

Case A : If both the nodes i and j are WHITE

A shortest path, say S P, between nodes {7, j} and the partially constructed dominating
tree DT is searched in G. If two or more than two shortest paths exist, then the tie is
broken by selecting a path which has the maximum number of WHITE nodes. If a tie
occurs in case of the number of WHITE nodes on the paths as well, then arbitrarily one
such path is selected. All edges belonging to S P are added to DT’ and all nodes belonging
to S'P are recolored BLACK (if not already) and all WHITE neighbors of such nodes are
recolored GREY. The edge ¢; ; will be added to DT only if one of the nodes among 7 and
J which does not lie on the shortest path S'P has at least one WHITE neighbor. Otherwise,
there is no point in adding the edge e; ; as both of its endpoint nodes are non WHITE
after adding the nodes of the SP to DT'. If the edge e; ; got added to D" then nodes 7
and 7 are recolored BLACK (if not already) and all their WHITE neighbors are recolored
GREY.

Case B : If one node is WHITE and the other is GREY

Check which one is WHITE node. Suppose node j is WHITE. Now, find a shortest path
S P between partially constructed dominating tree DT’ and node j (ties are broken in the
same manner as the previous case). Let &k be the node which lies one hop away from node
jonSP. All edges belonging to S P except ey, ; are added to DT" and all nodes belonging
to S P except j are recolored BLACK (if not already) and all WHITE neighbors of such
nodes are recolored GREY. Now check whether node j has any WHITE neighboring
nodes, if yes, then add the edge ey, ; into DT" and recolor node j BLACK and also recolor
GREY all the WHITE neighboring nodes of node j.

Case C : If both the nodes i and j are GREY.

C1 : If both the nodes have WHITE neighboring nodes.
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Find, which one among 7 and j has shortest path SP from DT (ties are broken
arbitrarily). Suppose S P connects ¢ to DT'. Add all the edges on the shortest path
SP into DT and recolor all the nodes lying on SP BLACK and all the WHITE
neighboring nodes of such nodes GREY. Again recheck that node j still has WHITE
neighboring nodes, if yes, then proceed as in case C2.
C2: Ifonly one has WHITE neighboring nodes.

Suppose node j has WHITE neighboring nodes. Now, find the shortest path S P
between partially constructed dominating tree D'T" and node j. Add all the edges on
the shortest path S P into DT and recolor all the nodes lying on SP BLACK and
all the WHITE neighboring nodes of such nodes GREY.

Case D : [f one node is BLACK and the other is GREY with at least one WHITE neighbor.

Add the edge e; ; into partially constructed dominating tree D7" and recolor BLACK the
node whose color is GREY and also recolor GREY all its WHITE neighboring nodes.

After this another iteration begins. This process continues till the construction of the
dominating tree is complete, i.e., till no WHITE node remains.

After the completion of the second phase of the heuristic, all nodes in DT are reconnected
by computing a minimum spanning tree (MST) [98] on the subgraph of G induced by these
nodes, thereby possibly reducing the cost further as MST is a spanning tree of least cost among
all spanning trees over a graph with a given set of nodes. After computing MST, a pruning
operator is called to remove all the redundant nodes from DT'. A redundant node is a node such
that if we remove that node from DT, DT still satisfy the property of a dominating tree. Detail
of pruning operator can be found in Section 4.3.2.

The following points highlight the differences between the H_DT of [97] and our heuristic
M_DT.

1. The determination of next edge e; ; to be added into DT’ differ for the H_DT and the
M_DT. In the H_DT, next edge to be added is an edge whose edge weight is least among
all available edges. Whereas in M_DT, next edge is selected with the help of expression

Equation (4.1).

2. In the heuristic H_DT, the edge e; ; is always included into DT", but in case of heuristic
M_DT, the edge ¢; ; will be added to DT only when absolutely necessary as explained
already.
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3. The heuristic H_DT applies two times pruning and two times reconnection by computing
a minimum spanning tree (MST) in the following order: pruning — MST — pruning —
MST. Whereas in our heuristic M_DT, we applied only once the pruning and MST in the
order of MST followed by pruning. Actually, if we apply MST first, then we may get a
dominating tree of lesser cost in comparison to applying the pruning first because we may
loose some nodes in pruning which are vital for reducing the cost of the dominating tree.
Empirical observations also favored this strategy. It is computationally less expensive, as

well.

Algorithm 4.1 provides the pseudo-code of the M_DT.

4.3.1 Illustrating H_DT & M_DT with an example

With the help of the Figure 4.2, we demonstrate the process of construction of a dominating tree
using the heuristic H_DT in [97]. In the Figure 4.2(a), initially all the nodes are assumed to have
color WHITE. The edge e 5 which has the least weight among all the edges, is selected and
added into the partially constructed dominating tree D1". Now, the nodes {1, 5} are recolored
BLACK and also their neighboring nodes {0, 2, 4} are recolored GREY. This situation is shown
in the Figure 4.2(b). In the next iteration, the edge eg 10 is added into DT". As a result, the nodes
{9, 10} are recolored BLACK and their WHITE neighboring nodes {6, 12, 13} are recolored
GREY. The two sub-trees {e1 5} and {eg 10} are connected via the shortest path between nodes
5 and 9. The node 4 which is on this shortest path is recolored BLACK and the edges {e5 4, €49}
are included into DT'. This situation is depicted in the Figure 4.2(c) where the shortest path
between two sub-trees is shown with thick and dotted line. Now, the edge e7 11 is selected and
included into DT which leads to the recoloring of the nodes {7, 11} with BLACK color and
their WHITE neighboring nodes {8, 14} with GREY color. The two resulting sub-trees, viz.
{e15, €54, €49, €910} and {e7 11} are connected via the shortest path between nodes 10 and 11.
The node 6 which is on this shortest path is recolored BLACK and the edges e11,6 and eg 10 are
added into DT'. This situation is shown in the Figure 4.2(d). In the last iteration, the edge e2 3
is selected and included into DT' and the nodes {2, 3} are recolored BLACK. The edge €26
which constitutes the shortest path between the two sub-trees {e 5, €5 4, €49, €910, €10,6, €6,11,
e11,7} and {e2 3} is included into DT yielding a total weight of 36 for D" (Figure 4.2(e)). Now,
no WHITE node remains, and as a result, the second phase of heuristic H_DT stops. Hereafter,

a pruning procedure (Section 4.3.2) is applied to remove all the redundant edges as well as
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Algorithm 4.1: The pseudo-code for heuristic the M_DT

S N kv

> Initially all nodes in V' are colored WHITE
W, +V;

DT + 0;

E,. + FE,

nd « 0;

Compute shortest path between all pairs of nodes in G;
W(er,1)xnc(ek,r) .

€;,j ¢ argmax (o) ;

ex1€E,

7:nd + {p:p € ON(i)UON(j)NW,};
8: make ¢ and 7 BLACK;
9: make all nodes € nd GREY;

10:
11:
12:
13:

14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:

Wy W\(nd U {i,5});
DT + DT U {61"]'};
while IV, # 0 do

€7 < argmax
er,1€EE,
if Both the nodes ¢ and j are WHITE then

Apply Case A;

else if One is WHITE and the other is GREY then
Apply Case B;

else if Both the nodes ¢ and j are GREY then
Apply Case C;

else if One is BLACK and the other is GREY then
Apply Case D;

end if

Remove all BLACK and GREY nodes from W,,;

end while

W(ekyl) ch(ek,l) .
w(ek,) >

Reconnect nodes in DT’ via a minimum spanning tree;
Apply Pruning operator on nodes in DT’
return DT,

> Equation (4.1)

> Equation (4.1)

the redundant nodes. In the dominating tree D'I" = {e1 5, €54, €4,9, €9,10, €10,65 €6,11 €11,7> €2,65

e2 3}, the nodes {3, 7} are redundant. After the removal of these two redundant nodes and their

corresponding redundant edges {e2 3, e11,7}, DT becomes {e1 5, €54, €49, €9,10, €10,65 €6,115

€62} with total weight 25. After the pruning procedure , a minimum spanning tree (MST) is

constructed on the subgraph induced by the set of nodes in DT to explore the possibility of

reconnecting these nodes via this MST in case it leads to reduction in cost. In this example,

nodes in DT are already connected via a MST, so MST procedure fails to reduce the cost of DT’

any further. Once again the pruning procedure is applied, but in vain as there are no redundant
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nodes. Finally, MST procedure is also applied unsuccessfully on the nodes of DT" and then the
heuristic H_DT stops. The final dominating tree with weight 25 is shown in the Figure 4.2(f).

(a) Initially, all nodes are colored (b) Edge ey 5 is selected by heuris- (c) Edge eg,10 is selected by heuris-
WHITE and weight = 0 tics H_DT and weight = 1 tics H_DT and weight = 7

(d) Edge e7 11 is selected by heuris-  (e) Edge ez 3 is selected by heuris-  (f) After pruning, MST, pruning
tics H_DT and weight = 19 tics H_DT and weight = 36 and MST weight = 25

Figure 4.2: Illustrating H_DT heuristic

To illustrate the M_DT, the same input graph with 15 nodes as used for the H_DT is taken.
Initially, all nodes are assumed to have color WHITE as shown in the Figure 4.3(a). At the
first iteration, the edge e7 11 is selected by the expression Equation (4.1) as this edge has the
maximum ratio. Now, the edge e7 11 is included into empty dominating tree DT. The nodes
{7, 11} are colored BLACK and also all the WHITE neighboring nodes {2, 6, 8, 13, 14} of
the nodes {7, 11} are colored GREY. This situation is shown in the Figure 4.3(b). In the next
iteration, expression Equation (4.1) returns the edge eg 19. Here both the nodes, viz. 9 and
10 are WHITE, and therefore, the Case A is applicable. Now, to connect the sub-trees {e7 11}
and {eg 10} a shortest path between these two sub-trees is searched. Here the shortest path is
between the nodes 11 and 10 with node 6 as the only intermediate node. The edges lying on the
shortest path, viz. e11,6 and eg 10 are added into DT'. The nodes 6 and 10 are recolored BLACK.
Now, the |wd(9)] is calculated and |wd(9)| > 1, therefore, the edge e1 g is added into DT and
the node 9 is recolored BLACK and also all the WHITE neighboring nodes of the node 9, viz. 4
and 12 are recolored GREY. This situation is shown in Figure 4.3(c).
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Next, the edge ey 5 is returned by the expression Equation (4.1) leading to the Case A again.
The edges eg 4, €45 and e5 1 are added into the partially constructed dominating tree DT’, the
nodes 4, 5 and 1 are colored BLACK and their WHITE neighbors GREY (in this case only the
node 0). This is shown in the Figure 4.3(d).

In the last iteration, the edge e 3 is returned by the expression Equation (4.1), because the
ratio of edges e2 3, €311, €38, €26, €1,2 and ea 7 are 2.11, 2, 1.9, 1.12, 0.81 and 0.75 respectively
and the remaining edges have ratio zero. Here the node 2 is GREY and the node 3 is WHITE.
So the Case B is applicable. As a result, the shortest path between neighboring nodes {2, 8} of
node 3 and the partially constructed tree {e1 5, €54, €4,9, €910, €10,6, €6,11, €11,7} 1S computed.
This shortest path is between the nodes 11 and 8 without any intermediate node. The edge
e11,8 is included into DT, and the node 3, which is the only WHITE neighbor of the node 8 is
recolored GREY. Here |wd(3)| is zero, therefore the edge eg 3 is not included into DT'. At this
point M_DT stops as no WHITE node remained, and the construction of the dominating tree
DT is complete. This dominating tree has cost 24 (Figure 4.3(e)). Comparing Figure 4.2(e)
with Figure 4.3(e), we can see that the cost of the dominating tree returned by the heuristic
H_DT is 36, whereas the M_DT returns a dominating tree with cost 24 on the same graph.
Thus, we can say that our heuristic M_DT can perform better than the heuristic H_DT of [97].
Hereafter, we compute a minimum spanning tree (MST) on the set of nodes in DT’ to reconnect
these nodes via this MST in a bid to reduce the cost of DT’ further. As the nodes of DT are
already connected via a MST, so cost of DT remains the same. Next the pruning operator is
applied to remove the redundant nodes as well as redundant edges which removes the node 7

and the edge e11,7 leading to the final DT" with cost 22 as shown in Figure 4.3(f).

4.3.2 Pruning operator

Our Pruning operator is similar to the pruning procedure of [97]. Pruning operator removes
the redundant nodes of dominating tree D7'. Let DN be the set of nodes belonging to DT'.
A node v € DN is redundant if [E,, N DT| = 1 and CN(v) C (Uyepn\ o} CN (1)), where
E, = {ey Yz € ON(v). In other words, anode v € DN is redundant if the degree of the node
v in DT must be one, v is adjacent to at least one other node in DN and each node in ON (v)
either belongs to DN or is adjacent to some node other than node v in DN. If the node v is
redundant, then it can be removed from DN without affecting the dominating tree characteristic
of DT'. Our pruning operator begins by computing the set R,, of redundant nodes and then an

iterative process starts where during each iteration a node is selected and removed from DN and
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(a) Initially, all nodes are colored (b) Edge e7 11 is selected by heuris- (c) Edge eg,10 is selected by heuris-
WHITE &and weight = 0 tics M_DT and weight = 2 tics M_DT and weight = 13

(d) Edge e1 5 is selected by heuris- (e) Edge ez 3 is selected by heuris- (f) After MST and pruning
tics M_DT and weight = 19 tics M_DT and weight = 24 weight = 22

Figure 4.3: Illustrating M_DT heuristic

the set R,, is recomputed. We have selected a node for removal from R,, according to the order
in which it is added into DN . We have also tried selecting a node from R,, according to the
non-increasing order of the cost of their sole incident edge or according to the non-decreasing
order of the number of non-dominating nodes covered by each node in 1,,. Experimentally,
we observed that solutions obtained through different ordering schemes did not differ much in
quality and no ordering scheme has an ultimate advantage over others. Therefore, we settled
for a simpler ordering scheme. Iterative process stops when the set R,, becomes empty. The
pseudo-code of the pruning operator is presented in Algorithm 4.2, where Select_Node(R,,)
is a function that returns a node from R,, which was added first into DN among all the nodes

currently presented in R,,.

4.4 Hybrid EA/G Approach for DTP

We have developed a hybrid EA/G approach for DTP. The solutions obtained through the EA/G

approach are further improved through the use of the same two procedures as used in M_DT, i.e.,
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Algorithm 4.2: The pseudo-code of Pruning operator
I: Ry, < {v:v € DN and|E, N DT|=1and CN(v) C (Uyepn\{s1CN(u))};
2: while (R,, # () do
3 v Select_Node(R,);
4. DN « DN\{v};
5
6
7

R, < {v:v &€ DN and |E, N DT|=1and CN(v) C (Uyepn\{o}ON(u))};
: end while
: return DN,

reconnecting the nodes of the solution via minimum spanning tree (MST) and pruning operator.
However, each of these procedures are applied twice in the order MST — pruning — MST —
pruning. Hereafter, our hybrid EA/G approach with MST and pruning operator will be referred
to as EA/G-MP (EA/G with MST and pruning operator).

Before starting our EA/G-MP approach, we pre-compute the set of neighboring nodes for
each node v € V and the shortest paths between all pairs of nodes in V. Subsequent subsections

describe other salient features of our approach.

4.4.1 Solution encoding

Edge-set encoding has been used to represent a solution, i.e., each dominating tree is represented
directly be the set of the edges it contains. The edge-set encoding was introduced by [99] for
representing a spanning tree. It is to be noted that a spanning tree always has |V'| — 1 edges,

whereas the number of edges in a dominating tree varies.

4.4.2 Initial solution

Our initial solution generation method is derived from the initial solution generation method
used in [97]. First, we will describe the initial solution generation method of [97] and then
introduce our modifications. Let W,, be the set of WHITE nodes, which is initialized to V'
(W, = V initially). Let I,, be the set of non-dominating nodes, DN be the set of dominating
nodes and DT be the partially constructed dominating tree. Initially, these three sets, viz. I,
DN and DT are empty. Randomly, a node say v is selected from W,, and added into DN and
recolored BLACK and node v is removed from set W,,. Now, consider a set n; of WHITE
neighboring nodes of node v, i.e., n, = ON(v) N W,,. Remove the nodes in 7, and also from
W.,,. After that, all the nodes in n are recolored GREY and added into the set I,,. From here

onwards, at each step an edge is selected by the following one of the two strategies. With
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probability ¢, the first strategy is followed where a least cost edge e, ,, connecting a node v
in DN and a node u in I, is selected. Otherwise, second strategy is followed where an edge
€y,u connecting a node v in DN to a node u in I, is selected through roulette wheel selection
method where the probability of selection of an edge is inversely proportional to its cost. Here

(o is a parameter to be determined empirically.

Algorithm 4.3: The pseudo-code for initial solution
> Initially all nodes in V" are colored WHITE
W, +V;

DT « (;

DN «

I, < 0;

v  random(W,);

DN + DN U {v};

make v BLACK;

ny < ON(v) N W,;

W+ Wi\ (np U {v});

make all nodes € n, GREY;

2 I, <+ ny;

: while W,, # 0 do

Generate a random number g1 such that 0 < ug; < 1;

e A R o

—_— = =
B2

if ug; < ¢ then

—
W

(v,u) + arg min w(v, u);
veEDN {u€l,, |ON(u)NW, |>1}
16: else

17: v < random(DN)

18: u < {u : random(I,) and |ON (u) " Wy | > 1};
19: end if

20: DT + DT U{eyu}s

21: DN + DN U {u};

22: make u BLACK

23: I, «+ IL,\{u};

24: ny < {u:u e ON(u) N W,};

25: make all nodes € n, GREY,;

26: I, + I, Uny;

270 Wy Wa\ne:

28: end while

29: Apply pruning operator on nodes in DT’

30: Reconnect nodes in DT" via a minimum spanning tree;
31: return DT
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Clearly, first strategy aims at quality, whereas the latter strategy aims at diversity. Therefore,
 governs the balance between the quality and the diversity of initial solutions. We have made
two modifications in the initial solution generation method of [97]. Our first modification here
is that only those edges e, ,, are considered where u € I, has at least one WHITE neighboring
node, i.e., where |ON (u) N W,,| > 1. Whereas in [97], those nodes in I,, are also considered
which have no WHITE neighboring nodes, and as a result, some edges might be unnecessarily
inserted into DT'. In addition, with probability 1 — ¢, we are selecting the edges uniformly at
random instead of using roulette wheel selection method. Now, node w is added into set DN and
removed from I,, and an edge e, ,, is added into DT'. Nodes in n, = ON (u) N W), are added
into [, and nodes in n; are removed from W,,. After that, all the WHITE neighboring nodes
of the node u are recolored GREY. This whole process is repeated until the set W,, becomes
empty. After construction of a feasible dominating tree DT, a pruning operator (as described
in Section 4.3.2) is applied to remove the redundant nodes from DN and the redundant edges
from DT'. After an application of the pruning operator, a MST is constructed on the set of nodes
in DN and these nodes are reconnected via this MST. Pseudo-code of the construction of an
initial solution is presented in the Algorithm 4.3. Here, we have applied pruning first and then

MST with the intention of generating more diverse solutions.

4.4.3 Initialization and update of the probability vector

Our EA/G-MP, like the approaches described in previous chapters models the distribution of
promising solutions in the search space through the use of univariate marginal distribution
(UMD) model. In this model, a probability vector p = {p1,p2,...,pjv|} € [0, 1]V1'is used to
characterize the distribution of the promising solutions in the search space, where |V| is the
cardinality of the set V, i.e., the number of nodes in the graph G. p, is the probability of the
node v € V' to be present in a dominating tree. The probability vector is initialized using N,
initial solutions. The probability of each node is initialized to the ratio of the number of initial
solutions containing that node to the total number of initial solutions. The pseudo-code for

initializing the probability vector p for the DTP is presented in Algorithm 4.4.

Algorithm 4.4: The pseudo-code for initializing a probability vector p
1: Compute n,, <— number of initial solutions containing node v, Vv € V;
2: Compute p, <+ ]@—Z, Yo e V;
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At each generation g, a parent set parent(g) is formed by selecting the best L solutions from
the current population pop(g). Once the parent(g) is formed, it is used for updating the probabil-
ity vector p. The pseudo-code for updating the probability vector is given in Algorithm 4.5.
The probability of a node increases after update if the ratio of solutions containing this node in
parent(g) to the total number of solutions in parent(g) is more than its current probability. The
probability decreases in case this ratio is less than its current value. The probability remains the

same in case this ratio is exactly equal to its current value.

Algorithm 4.5: The pseudo-code for updating the probability vector p in generation g
1: Compute n,, < number of solutions in parent(g) containing node v, Vv € V;
2: Compute p,, < (1 = N)p, + A%, Vo € V;

4.44 Guided mutation (GM) Operator

The GM operator uses both the global statistical information stored in the form of probability
vector p and the location information of the parent solution for generating new offspring. In
[55] as well as in two previous chapters, GM operator is applied M times on the best solution
of the current population to generate M offspring. On the other hand, our GM operator
is applied on M best solutions of current population pop(g) to generate M new offspring.
In other words, on the set of M best solutions {mj,ma,...,myr}, GM is applied once on
each m;,i = 1,2,..., M to generate {01, 09, ...,0p} offspring. We found that this strategy
provides better results in case of DTP than the original strategy used in [55]. The pseudo-code of
our G M operator is presented in Algorithm 4.6, where /3 € [0, 1] is an adjustable parameter and
DT is a new offspring constructed through the GM operator whose nodes are either sampled
randomly from the probability vector p or directly copied from the solution m; in pop(g). In
case of sampling from probability vector p, a node is copied only when either its color is WHITE
according to partially constructed DT or its color is GREY and it has at least one WHITE
neighbor. Whereas in case a node is to be directly copied from the solution my;, it is copied only
when it is a dominating node in m;, its color is GREY according to partially constructed DT
and it has at least one WHITE neighbor. Such a policy helps in getting some more edges in DT’
from m,;. As m; is among the best M solutions, this may help in improving the solution quality.

There is no guarantee of the feasibility of the offspring generated through the G M operator, i.e.,
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it may not be a dominating tree. Therefore, each infeasible offspring generated through the GM

operator is passed through a repair operator (Section 4.4.5) so that it can be made feasible.

Algorithm 4.6: The pseudo-code of generating a solution through GM operator
1: Set the color of all nodes in V to WHITE;
2: DT « (;
3: for node v € V in some random order do

4: Generate a random number 71 such that 0 < r; < 1;

5 if 11 < [ then

6 Generate a random number 5 such that 0 < ro < 1;

7: if (ro < p,) and ((v is WHITE) or (v is GREY with at least one WHITE neighbor)) then
8 Find the shortest path S P between node v and a node w in DT’;

9: Add all the edges of SP into DT}
10: Color BLACK all the nodes on the path SP;

11: Color GREY all the WHITE neighboring nodes of nodes on the path SP;
12: end if

13: else

14: if v is a dominating node in m; and v is GREY with at least one WHITE neighbor then
15: Find the shortest path S P between node v and a node w in DT;

16: Add all the edges of SP into DT}

17: Color BLACK all the nodes on the path S P;

18: Color GREY all the WHITE neighboring nodes of nodes on the path SP;
19: end if

20: end if

21: end for

22: return DT

4.4.5 Repair operator

Repair operator is applied only on an infeasible offspring generated through the G M operator.
After the application of GM operator, there is a possibility that some nodes remain WHITE, i.e.,
some nodes may remain uncovered. Let U, be the set of such WHITE nodes. Such WHITE
nodes are covered by making use of the repair operator which follows an iterative procedure.
During each iteration, a node with the highest number of WHITE neighboring nodes is selected
from Uy, (ties are broken in favor of the node having lower index). If none of the nodes in U,
has WHITE neighboring nodes, then the node with the lowest index is selected from U,,. After
selecting the node ¢ from U, , a shortest path between the node ¢ and the partially constructed

tree DT is found, and, all the edges on this path are added into DT'. All the nodes on this path
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are recolored BLACK (if not already) and their neighboring nodes GREY. Then all BLACK and
GREY nodes are removed from U,,. After this another iteration begins. This whole process
is repeated until set U, becomes empty. The pseudo-code of the repair operator is given

in Algorithm 4.7.

Algorithm 4.7: The pseudo-code of repair operator
1: while U,,, # 0 do

2: v + arg max(|wd(u)]);
ueUcn
Find a shortest path S P between node v and a node u in DT

3:
4: Add all the edges on the path SP into DT}
5
6

Make BLACK all nodes € SP;
: Make GREY all WHITE neighboring nodes of nodes € SP;
7: Remove all BLACK and GREY nodes from U,,,;
8: end while
9: return DT,

4.4.6 Others features
Zhang et al. [55] kept best % solutions of pop(g) into the parent(g) and generated % new
offspring through the GM operator in each generation (iteration). The population of the next
generation is formed by using % newly created offspring through the GM operator and the
best % solutions of pop(g). Therefore, in each next generation the population size remains the
same as in the previous generation. Same approach has been followed in Chapter 2. On the
other hand, in the approach of previous chapter, we have kept best % solutions of pop(g) into
the parent(g) and generated % new offspring through the GM operator in each generation
(iteration). The population of the next generation is formed by using % newly created offspring
through the G M operator and the best % solutions of pop(g). Generalizing this further, here
parent(g) is formed by using the best L solutions of pop(g) and M new offspring are generated
through the G M operator in each generation. The best N, — M solutions of pop(g) along with
M newly generated offspring constitute pop(g + 1). Therefore, also in this case population size
remains the same throughout the execution of the algorithm.

In case of DTP, we never found all the solutions of the population to be same. We also
observed that the best solution does not improve for a large number of generations. Therefore,
to avoid getting stuck into a local optima, if the best solution does not improve over .S. number

of generations, then except for the best solution, we reinitialize the entire population in the same
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manner as described in Section 4.4.2. So, in a way, we have followed the 1-elitism policy as the
best solution is always retained.
The pseudo-code of our EA/G-MP approach for DTP is given in Algorithm 4.8.

Algorithm 4.8: EA/G-MP Approach for DTP
1: At generation g <— 0, an initial population pop(g) consisting of N, solutions, is generated randomly;

2: Initialize the probability vector p for all nodes using Algorithm 4.4;

3: Select best L solutions from pop(g) to form a parent set parent(g), and then update the probability
vector p using Algorithm 4.5;

4: Apply the GM operator once on each of the M best solutions in pop(g) in order to generate M
new solutions. A repair operator is applied to each generated solution, if necessary, and then MST,
pruning operator, MST and pruning operator are applied to each generated solution to improve its
fitness. Add all M newly generated solutions along with N, — M best solutions in pop(g) to form
pop(g+1). If the stopping condition is met, return the dominating tree with minimum weight found
so far ;

5:9+g+1;

6: If the best solution of the population did not improve over S. generations, then reinitialize entire
pop(g) except for the best solution, and then go to step 2 ;

7: Go tostep 3 ;

4.5 Computational results

Our approaches, viz. M_DT and EA/G-MP have been implemented in C and executed on an
Intel Core 2 Duo processor based system with 2 GB RAM running under Fedora 12 at 3.0 GHz
which is exactly the same system as used for executing the approaches in [97]. gcc 4.4.4-10
compiler with O3 flag has been used to compile the C programs of our approaches. We have
used a super set of test instances used in [97] to test our approaches. Due to unavailability of the
test instances used in [87, 88], [97] generated a set of 18 test instances in the same manner as in
[87, 88]. These instances were generated considering a disk graph G = (V, E), where each disk
around a node represents the transmission range of that node. There exists an edge between a
pair of nodes if these two nodes are within the transmission range of each other. The weight
on each edge e; j in E is assigned through a weight function w : E — R which is defined as
w(e;;) = d?} ;» Where d; ; is the Euclidean distance between the nodes 7 and j. It was assumed
that nodes in |V| are randomly deployed in a 500m x 500m area and the transmission range of
each node is 100m. For each value of |V'| in {50, 100, 200, 300, 400, 500}, three different test
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Table 4.2: Results of MST_L, Heu_DT1, Heu_DT2, H DT and M_DT on the instances with

transmission range 100m

Instance MST_L Heu_DT1 Heu_DT2 H_DT M_DT % Improvement

Value NDN Value NDN Value NDN Value NDN Value NDN MST_L Heu_DT! Heu_ DT2 H_DT
50_1 1860.67 38 1608.11 30 1819.91 35 1321.83 20 1288.80 20 30.73 19.86 29.18 2.50
50_2 1780.66 37 1564.05 33 1795.89 35 1427.65 26 1467.03 26 17.61 6.20 1831 275
50_3 1860.12 39 1659.70 34 1863.01 35 1494.12 25 1429.76 24 23.14 13.85 23.26 4.31
100_1 2491.23 76 1836.57 54 2290.28 61 1852.86 28 1482.11 26 40.51 19.30 3529 20.00
100_2 2515.82 78 2096.97 62 2265.68 62 1449.25 23 1454.16 25 42.20 30.65 3582 -0.32
100_3 2670.84 71 2213.15 60 2488.15 59 1732.35 29 1704.19 31 36.17 2297 31.48 1.58
200_1 3652.20 154 2530.57 110 3093.01 115 1880.50 30 1766.97 35 51.62 30.18 42.87 6.04
200_2 3597.99 150 2709.42 113 3437.79 125 1909.86 32 1695.43 34 52.88 37.42 50.68 11.23
200_3 3592.74 152 2561.99 110 3132.56 112 1587.48 27 1589.81 31 55.75 37.95 4925 -0.14
300_1 4445.38 231 2932.26 154 3653.64 165 1929.91 34 1695.08 30 61.87 42.20 53.61 1217
300_2 4498.58 233 3480.73 178 4136.57 183 1781.00 31 1773.32 35 60.58 49.05 57.13 0.43
300_3 4673.49 239 3640.35 184 3990.55 170 1815.28 33 1673.31 33 64.20 54.03 58.07 7.82
400_1 511049 311 3776.71 230 452429 228 2017.50 32 1587.43 30 68.94 57.97 6491  21.32
400_2 5225.01 310 4004.41 243 4744.41 248 1972.89 36 1904.82 37 63.54 52.43 59.85 3.45
400_3 522794 314 4026.04 241 4394.95 218 1907.05 29 1883.79 32 63.97 53.21 57.14 1.22
500_1 5761.72 390 4276.57 291 4534.93 257 1795.28 27 1771.82 34 69.25 58.57 60.93 1.31
500_2 5953.15 398 4399.44 296 5251.35 309 1824.03 34 1683.54 29 71.62 61.60 67.83 7.38
500_3 5840.50 390 4629.12 304 494421 269 1903.86 29 1837.40 30 68.54 60.31 62.84 3.49

Table 4.3: Results of MST_L, Heu_DT1, Heu_DT2, H_DT and M_DT on the instances with
transmission range 125m

Instance MST_L Heu_DT1 Heu_DT2 H_DT M_DT % Improvement

Value NDN Value NDN Value NDN Value NDN Value NDN MST_L Heu DT1 Heu DT2 H_DT
50_1 1860.67 37 1404.49 26 1679.80 29 982.61 14 1047.25 13 43.72 25.59 37.66  -6.58
50_2 1780.66 36 1407.53 26 1705.67 31 1165.63 16 1179.19 19 33.78 16.22 30.87  -1.16
50_3 1860.12 38 1488.20 29 1774.12 32 1154.05 14 1201.88 19 35.39 19.24 3225 414
100_1 2517.76 75 1737.47 50 2258.10 56 1442.11 18 1331.99 20 47.10 23.34 41.01 7.64
100_2 2515.82 77 1969.81 59 2372.79 60 1511.53 21 1238.10 20 50.79 37.15 47.82  18.09
100_3 2670.84 76 2213.15 59 2402.43 59 1445.39 20 1311.60 21 50.89 40.74 45.41 9.26
200_1 3652.20 153 2510.88 109 2990.67 100 1639.11 20 1355.67 24 62.88 46.01 54.67 17.29
200_2 3597.99 149 273343 113 3074.32 115 1436.93 23 1367.08 20 62.00 49.98 55.53 4.85
200_3 3592.74 151 2540.70 108 3118.57 109 1345.50 21 1307.22 20 63.61 48.55 58.08 2.85
300_1 4445.38 230 2899.16 153 3537.02 150 1454.30 19 1516.07 26 65.90 47.71 57.14 425
300_2 4498.58 232 3500.06 180 4310.97 189 1739.35 23 1387.87 19 69.15 60.35 67.81 20.21
300_3 4673.49 238 3612.75 183 3802.58 160 1541.75 21 1370.75 20 70.67 62.06 63.95 11.09
400_1 511049 310 3758.23 228 4211.58 210 1654.87 23 1528.15 24 70.10 59.34 63.72 7.66
400_2 5225.01 309 3901.81 233 4596.69 235 1739.40 25 1539.59 23 70.53 60.54 66.51 11.49
400_3 5227.94 313 3981.63 238 4421.78 213 1630.39 23 1524.44 24 70.84 61.71 65.52 6.50
500_1 5761.72 389 4354.11 298 447274 245 1563.24 23 1551.67 26 73.07 64.36 65.31 0.74
500_2 5953.15 397 4471.75 299 5005.20 298 1638.64 23 1548.49 23 73.99 65.37 69.06 5.50
500_3 5840.50 389 4508.65 297 471544 259 1731.32 24 1344.64 23 76.98 70.18 7148 2233

instances were generated leading to a total of 18 instances. In addition to the transmission range

of 100m, we consider two more values for the transmission range of each node, viz. 125m and
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Table 4.4: Results of MST_L, Heu_DT1, Heu_DT2, H DT and M_DT on the instances with

transmission range 150m

Instance MST_L Heu_DT1 Heu_DT2 H_DT M_DT % Improvement

Value NDN Value NDN Value NDN Value NDN Value NDN MST_L Heu_DT! Heu_ DT2 H_DT
50_1 1860.67 37 1408.01 26 1766.43 31 1058.69 12 784.03 11 57.86 44.32 55.61 2594
50_2 1780.66 36 1309.87 27 1728.53 33 1061.02 12 1047.55 15 41.17 20.03 39.40 1.27
50_3 1860.12 38 1389.86 28 1887.77 32 1104.85 14 1010.84 12 45.66 27.27 46.45 8.51
100_1 2517.76 75 1737.47 50 2219.63 53 1420.84 14 1278.74 17 49.21 26.40 4239 10.00
100_2 2515.82 71 2014.17 63 2276.44 57 1009.99 13 964.16 13 61.68 52.13 57.65 4.54
100_3 2670.84 76 2148.23 58 2331.72 55 1124.55 13 1184.35 15 55.66 44.87 4921 532
200_1 3652.20 153 2530.52 109 2911.73 95 1319.86 15 1286.15 16 64.78 49.17 55.83 2.55
200_2 3597.99 149 2703.77 114 3327.77 112 1300.02 19 1203.19 15 66.56 55.50 63.84 7.45
200_3 3592.74 151 2561.99 109 3112.19 108 1258.29 16 1224.62 17 65.91 52.24 60.65 2.68
300_1 4445.38 230 2908.12 153 3344.34 143 1170.23 16 1144.65 15 74.25 60.64 65.77 2.19
300_2 4498.58 232 3493.12 180 3740.08 160 1324.59 19 1224.33 13 72.78 64.95 67.26 7.57
300_3 4673.49 238 3589.75 183 4016.39 151 1382.82 18 1195.94 13 74.41 66.68 70.22  13.51
400_1 511049 310 3790.75 231 3704.20 187 1295.98 15 1166.44 17 77.18 69.23 68.51  10.00
400_2 5225.01 309 4017.53 243 4350.94 218 1174.12 13 1171.00 17 77.59 70.85 73.09 0.27
400_3 522794 313 4006.47 238 4304.85 197 1335.58 17 1272.84 17 75.65 68.23 70.43 4.70
500_1 5761.72 389 4253.35 288 4540.70 249 1252.10 15 1089.90 18 81.08 74.38 76.00 12.95
500_2 5953.15 397 4379.35 296 5269.14 303 1286.67 15 1279.42 17 78.51 70.79 75.72 0.56
500_3 5840.50 389 4618.27 300 4767.25 250 1474.32 17 1300.60 16 71.73 71.84 7272 11.78

150m and generated three different test instances for each combination of values of V' mentioned
above and one of these two values of the transmission range. This results in generation of 36
additional instances leading to a grand total of 54 instances. All these 54 test instances can
be downloaded from http://dcis.uohyd.ernet.in/~alokcs/dtp.zip. Actually,
density of a disk graph depends on the transmission range of its constituent nodes. The longer
the transmission range of nodes, the higher will be the density of the corresponding disk
graph. Therefore, to show that effectiveness of our proposed approaches is not limited to
graphs with a particular density, it is necessary to consider different values of the transmission
range. The values of transmission range that we have considered leads to difficult randomly
generated feasible DTP instances. We have also considered the transmission range of 75m
and 200m. At the transmission range of 75m, not all instances with 50 nodes were connected.
At the transmission range of 200m, generated instances were highly dense, and therefore, all
dominating trees on these instances had few edges only, and as a result,finding a minimum
dominating tree among them was not that difficult. As the C programs for the approaches
considered in [97] were available, we have executed them on these additional 36 instances under
the same setup as used for our approaches.

For EA/G-MP, we have used a population size of 60, i.e., N, = 60, generated M = 25 new
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solutions through guided mutation and used L = 15 the best solutions of the current population
to update probability vector. The value of 3 is set to 0.50 in the guided mutation. The value
A = 0.50 is used in the update of probability vector and the value ¢ = 0.20 is used in the
initial solution generation. If the best solution does not improve over S, = 400 generations,
entire population minus the best solution and the probability vector are reinitialized. We have
allowed our EA/G-MP approach to execute till the best solution does not improve over 3000
generations and it has executed at least for a total of 10000 generations. All these parameters
are set empirically after a large number of trials. These parameter values provide good results
on all instances, though they may not be optimal for all instances. Like ABC_DT and ACO_DT
approaches of [97], EA/G-MP has been executed 20 independent times on each test instance.
We first present the results of M_DT and other problem specific heuristics. Tables 4.2 to 4.4
report the results of M_DT on instances with the transmission range 100m, 125m and 150m
respectively and compare them with previously proposed heuristic approaches, viz. heuristics of
[88], [87] and [97], which will be referred to as Heu_DT1, Heu_DT2 and H_DT respectively.
In addition, we have also included a simple heuristic which computes a MST on the input
graph and then removes leaf nodes from the computed MST to obtain a dominating tree. This
heuristic, which will be referred to as MST-L was used in [88] and [87] for comparison against
their respective heuristics. For each heuristic, these tables report the cost of the dominating
tree obtained (column labelled Value) and the number of nodes in the dominating tree (column
labelled NDN) on each instance. In Table 4.2, data for Heu_DT1, Heu_DT2, H_DT and MST-L
are taken from [97]. Whereas Tables 4.3 and 4.4 contain the results obtained after executing
various approaches on 36 new instances. These three tables also report the % improvement in
cost of the dominating tree obtained by M_DT over other approaches. Though not the objective
of DTP, we have reported the number of nodes in the dominating tree due to past precedences.
[88], [87] and [97], all reported the number of nodes in the dominating tree obtained by various
approaches. These tables clearly show the superiority of M_DT over other approaches in terms
of the cost of the dominating tree obtained. Except for 8 instances (3 with transmission range
100m, 4 with transmission range 125m and 1 with transmission range 150m) where H_DT has
slightly better cost (as indicated with a negative value for % improvement of M_DT over H_DT
in Tables 4.2 to 4.4), the cost of the dominating tree obtained by M_DT is always better than
all the other approaches. As far as number of dominating nodes in a solution is concerned,
performance of M_DT is far superior in comparison to Heu_DT1, Heu_DT2 and MST-L on

all instances. However, H_DT performs slightly better on this count on most of the instances.
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Execution times of various heuristics are not reported as all of them hardly need a second on
any instance.

Tables 4.5 to 4.7 report the results of EA/G-MP on instances with the transmission range
100m, 125m and 150m respectively, and compare them with ABC_DT and ACO_DT approaches
of [97]. For each test instance, these tables report the best solution (column Best), average
solution quality (column Avg), standard deviation of solution values (column SD), average
number of dominating nodes (column ANDN) and average execution time in seconds (column
AET) obtained over 20 runs for EA/G-MP, ABC_DT and ACO_DT. Data for ABC_DT and
ACO_DT is taken from [97] for Table 4.5. On the other hand, Tables 4.6 and 4.7 report the
results obtained after executing ABC_DT and ACO_DT on 36 new instances. These three
tables also report the results of Mann-Whitney U test between EA/G-MP & ABC_DT (column
ABC_EA/G) and between EA/G-MP & ACO_DT (column ACO_EA/G) on each instance as
best and average solution quality of these approaches are close to each other. For Mann-Whitney
U test, we have used the online calculator available at http://www.socscistatistics.
com/tests/mannwhitney/Default2.aspx. For this test, we have used two-tailed

hypothesis and 5% significance criterion (p-value < 0.05) leading to a critical U-value of 127.

Comparison of EA/G-MP, ABC_DT and ACO_DT approaches on instances with
transmission range 100m: Out of 18 test instances with the transmission range 100m, EA/G-
MP is better than ABC_DT on 10 test instances and equal to ABC_DT on 8 test instances in
terms of quality of the best solution found. Whereas in terms of average solution quality, EA/G-
MP is better than ABC_DT on 12 test instances, worse than ABC_DT on 3 test instances and
on the remaining 3 test instances EA/G-MP is equal to ABC_DT. Results of Mann-Whitney U
test between EA/G-MP and ABC_DT indicate that out of 18 test instances, results of EA/G-MP
is statistically significant on 12 test instances in comparison to ABC_DT, whereas on 3 test
instances (100_2, 200_1 and 200_2) results are not significant. On the remaining 3 instances,
results of Mann-Whitney U test are not meaningful as both the approaches obtained the same
results in all 20 runs. As far as comparison in terms of average number of dominating nodes
is concerned, EA/G-MP is better than ABC_DT on 5 test instances, worse than ABC_DT on
9 test instances and equal to ABC_DT on 4 test instances. Our EA/G-MP approach is much
faster than ABC_DT approach. On all 18 test instances the average execution time (AET) of
EA/G-MP is better than ABC_DT. From Table 4.5, it can be observed that as the size of the
input graph increases, the gap in terms of computational time between ABC_DT and EA/G-MP
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increases as well. On an average, EA/G-MP is 3 times faster than ABC_DT on the instances
with 50 nodes, 3 times faster than ABC_DT on the instances with 100 nodes, 4 times faster than
ABC_DT on the instances with 200 nodes, 5 times faster than ABC_DT on the instances with
300 nodes, 6 times faster than ABC_DT on the instances with 400 nodes and 8 times faster than
ABC_DT on the instance with 500 nodes.

Now, we compare EA/G-MP with ACO_DT. Out of 18 test instances, the best solution of
EA/G-MP is better than ACO_DT on 11 test instances, worse than ACO_DT on 2 test instances
and on the remaining 5 test instances both approaches obtained the same best solution. In terms
of average solution quality, EA/G-MP is better than ACO_DT on 10 test instances, worse than
ACO_DT on 5 test instances and on the remaining 3 test instances both the approaches have
the same average solution quality. Results of Mann-Whitney U test between EA/G-MP and
ACO_DT show that out of 18 test instances, results of the EA/G-MP is statistically significant
in comparison to ACO_DT on 12 test instances, whereas on 3 test instances (100_1, 400_3 and
500_3) results are not significant. On the remaining 3 instances, results of Mann-Whitney U
test are not meaningful as both the approaches obtained the same results in all 20 independent
runs. As far as comparison in terms of average number of dominating nodes is concerned,
EA/G-MP is better than ACO_DT on 10 test instances, worse than ACO_DT on 4 test instances
and equal to ACO_DT on 4 test instances. From Table 4.5, it can be observed that as the size
of the input graph increases, the gap in terms of computational time between ACO_DT and
EA/G-MP increases as well. On an average, EA/G-MP is 4 times faster than ACO_DT on the
instances with 200 nodes, 10 times faster than ACO_DT on the instances with 300 nodes, 14
times faster than ACO_DT on the instances with 400 nodes and 22 times faster than ACO_DT
on the instance with 500 nodes. On the other hand, EA/G-MP is 3 times slower than ACO_DT
on the instances with 50 nodes and slightly slower than ACO_DT on the instances with 100

nodes.

Comparison of EA/G-MP, ABC_DT and ACO_DT approaches on instances with
transmission range 125m: Out of 18 test instances with the transmission range 125m, the best
solution obtained by EA/G-MP is better than ABC_DT on 10 test instances, worse than ABC_DT
on 1 test instance and equal to ABC_DT on 7 test instances. Whereas in terms of average
solution quality, EA/G-MP is better than ABC_DT on 11 test instances, worse than ABC_DT
on 3 test instances and on the remaining 4 test instances EA/G-MP is equal to ABC_DT. Results
of Mann-Whitney U test between EA/G-MP and ABC_DT indicate that out of 18 test instances,
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results of EA/G-MP is statistically significant on 12 test instances in comparison to ABC_DT,
whereas on 2 test instances (200_2 and 300_3) results are not significant. On the remaining 4
instances, results of Mann-Whitney U test are meaningless as both the approaches obtained the
same results in all 20 independent runs. As far as comparison in terms of average number of
dominating nodes is concerned, EA/G-MP is better than ABC_DT on 6 test instances, worse
than ABC_DT on 6 test instances and equal to ABC_DT on 6 test instances. Our EA/G-MP
approach is much faster than ABC_DT approach. On all 18 test instances, the average execution
time (AET) of EA/G-MP is better than ABC_DT. From Table 4.6, it can be observed that as
the size of the input graph increases, execution time of ABC_DT increases at a faster pace than
EA/G-MP. On an average, EA/G-MP is 2 times faster than ABC_DT on the instances with 50
and 100 nodes, 4 times faster than ABC_DT on the instances with 200 nodes, 5 times faster
than ABC_DT on the instances with 300 nodes, 7 times faster than ABC_DT on the instances
with 400 nodes and 8 times faster than ABC_DT on the instance with 500 nodes.

As far as comparison between EA/G-MP and ACO_DT is concerned, out of 18 test instances,
the best solution obtained by EA/G-MP is better than ACO_DT on 11 test instances, worse than
ACO_DT on 1 test instance and on the remaining 6 test instances both the approaches obtained
the same best solution. In terms of average solution quality, EA/G-MP is better than ACO_DT
on 16 test instances, worse than ACO_DT on 1 test instance and on the remaining 1 test instance,
both the approaches have the same average solution quality. Results of Mann-Whitney U test
between EA/G-MP and ACO_DT show that out of 18 test instances, results of the EA/G-MP
is statistically significant in comparison to ACO_DT on 15 test instances whereas on 2 test
instances (50_1 and 200_1) results are not significant. On the remaining 1 instance, result of
Mann-Whitney U test is not meaningful as both the approaches obtained the same results in all
20 independent runs. As far as comparison in terms of average number of dominating nodes is
concerned, EA/G-MP is better than ACO_DT on 10 test instances, worse than ACO_DT on 5
test instances and equal to ACO_DT on 3 test instances. From Table 4.6, it can be observed that
as the size of the input graph increases, execution time of ACO_DT increases at a faster pace
in comparison to EA/G-MP. On an average, EA/G-MP is 3 times faster than ACO_DT on the
instances with 200 nodes, 6 times faster than ACO_DT on the instances with 300 nodes, 9 times
faster than ACO_DT on the instances with 400 nodes and 10 times faster than ACO_DT on the
instance with 500 nodes. On smallest instances with 50 nodes, EA/G-MP is 3 times slower than
ACO_DT. On instances with 100 nodes, EA/G-MP is slightly slower than ACO_DT.
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Comparison of EA/G-MP, ABC_DT and ACO_DT approaches on instances with
transmission range 150m: On 18 test instances with the transmission range 150m, EA/G-MP
is better than ABC_DT on 7 test instances, worse than ABC_DT on 1 test instance and equal to
ABC_DT on 10 test instances in terms of quality of the best solution obtained. On the other
hand, average solution quality of EA/G-MP is better than ABC_DT on 10 test instances, worse
than ABC_DT on 4 test instances and same as ABC_DT on the remaining 4 instances. Results
of Mann-Whitney U test between EA/G-MP and ABC_DT indicate that out of 18 test instances,
results of EA/G-MP is statistically significant on 6 test instances in comparison to ABC_DT,
whereas on 8 test instances (100_1, 100_2, 200_1, 200_2, 200_3, 300_1, 300_2 and 400_2)
results are not significant. On the remaining 4 instances, results of Mann-Whitney U test are
not meaningful as both the approaches obtained the same results in all 20 independent runs. As
far as comparison in terms of average number of dominating nodes is concerned, EA/G-MP is
better than ABC_DT on 7 test instances, worse than ABC_DT on 5 test instances and equal to
ABC_DT on 6 test instances. Our EA/G-MP approach is much faster than ABC_DT approach.
On all 18 test instances, the average execution time (AET) of EA/G-MP is better than ABC_DT.
From Table 4.7, it can be observed that as the size of the input graph increases, the gap in terms
of computational time between ABC_DT and EA/G-MP increases as well. On an average,
EA/G-MP is 2 times faster than ABC_DT on the instances with 50 nodes, 3 times faster than
ABC_DT on the instances with 100 nodes, 5 times faster than ABC_DT on the instances with
200 nodes, 8 times faster than ABC_DT on the instances with 300 nodes, 11 times faster than
ABC_DT on the instances with 400 nodes and 16 times faster than ABC_DT on the instance
with 500 nodes.

Next, we compare EA/G-MP with ACO_DT. Out of 18 test instances, the best solution of
EA/G-MP is better than ACO_DT on 8 test instances and on the remaining 10 test instances
both approaches obtained the same best solution. In terms of average solution quality, EA/G-MP
18 better than ACO_DT on 8 test instances, worse than ACO_DT on 5 test instances and on the
remaining 5 test instances both the approaches have the same average solution quality. Results
of Mann-Whitney U test between EA/G-MP and ACO_DT show that out of 18 test instances,
results of EA/G-MP is statistically significant in comparison to ACO_DT on 9 test instances
whereas on 5 test instances (100_2, 2002, 300_1, 400_1 and 500_3) results are not significant.
On the remaining 4 instances, results of Mann-Whitney U test are meaningless as both the
approaches obtained the same results in all 20 independent runs. As far as comparison in terms

of average number of dominating nodes is concerned, EA/G-MP is better than ACO_DT on 10
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test instances, worse than ACO_DT on 3 test instances and equal to ACO_DT on remaining 5
test instances.

ACO_DT is also slower than EA/G-MP on larger instances. From Table 4.7, it can also be
observed that as the size of the graph increases, execution time of ACO_DT increases at a much
faster rate compared to EA/G-MP. On an average, EA/G-MP is 3 times faster than ACO_DT on
the instances with 200 nodes, 5 times faster than ACO_DT on the instances with 300 nodes, 7
times faster than ACO_DT on the instances with 400 nodes and 10 times faster than ACO_DT
on the instance with 500 nodes. On the other hand, EA/G-MP is 3 times slower than ACO_DT
on the instances with 50 nodes and slightly slower than ACO_DT on the instances with 100

nodes.
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4.5 Computational results

The overall picture: Figures 4.4 and 4.5 graphically compare the average solution quality
of various approaches over all the instances of each size, viz. 50, 100, 200, 300, 400 and 500
for different transmission ranges. Figure 4.4 compares different problem specific heuristics,
viz. MST-L, Heu_DTI, Heu_DT2, H_DT and M_DT, whereas Figure 4.5 compares various
metaheuristic approaches, viz. ABC_DT, ACO_DT and EA/G-MP. Figure 4.4 clearly shows
that as the problem size increases, the cost of the dominating tree grows rapidly for MST-L,
Heu_DT1 and Heu_DT?2, thereby restricting the utility of these three heuristics to small size
instances only. Like M_DT, H_DT also scales well, but its results are always inferior on an
average to those of M_DT. If we look at Figures 4.4(a) to 4.4(c) together, it can be observed
that with the increase in transmission range, the average cost of dominating tree returned by
H_DT and M_DT decreases for the same node size, which is also expected theoretically. On the
other hand, the average cost of the dominating tree returned by other heuristics seem to remain
unaffected by the increase in transmission range.

Figure 4.5 shows that all the metaheuristic approaches scale well with regard to average
solution quality as the size of the problem increases. Except for instances of size 200 and range
100m, the average solution quality of EA/G-MP is better than ABC_DT and ACO_DT on all
other sizes and transmission ranges. Looking at the Figures 4.5(a) to 4.5(c) together, we can
observe that the average cost of the dominating tree returned by all the three metaheuristic
approaches decreases with increase in transmission range.

Figure 4.6 graphically compares the average execution time of ABC_DT, ACO_DT and
EA/G-MP over all the instances of each size for the transmission range 100m, 125m and 150m.
The average execution time of ABC_DT and ACO_DT grows rapidly with increase in instance
size. Only EA/G-MP scales well with a increase in instance size in terms of average execution
time. Some interesting observations can be made if we look at Figures 4.6(a) to 4.6(c) together.
Average execution time of ABC_DT increases with increase in transmission range. On the other
hand, average execution time of ACO_DT decreases with increase in transmission range. For
EA/G-MP also average execution time decreases, but only slightly when compared to ACO_DT.

To get an idea about the effect of increase in transmission range on number of dominating
nodes, we have found the best value among the average number of dominating nodes returned
by ABC_DT, ACO_DT and EA/G-MP on each size for different transmission ranges. We have
plotted these best values for each transmission range against node sizes. Resulting plots are
shown in Figure 4.6. This figure clearly shows that the number of dominating nodes decreases

on an average with increase in transmission range. This is also expected theoretically as with
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Figure 4.4: Average solution quality of various heuristics over all the instances of each size for

different transmission ranges

increase in transmission range, degree of underlying disk graphs increases, leading to dominating
trees with lesser number of nodes.

Though better than other approaches in their respective classes in terms of solution quality,
both of our approaches obtain dominating tree with slightly more number of nodes on some
instances when we compare M_DT to H_DT, and, EA/G-MP to ABC_DT and ACO_DT.
Actually, sometimes even when a pair of nodes is connected directly by an edge, it may not be
the shortest path between them. Instead a shortest path may involve one or more intermediate
nodes. As a result, a dominating tree which has lesser cost than another may not have a lesser
number of nodes as well. As our approaches favor shortest paths over direct edges more often

in comparison to corresponding previous approaches, dominating trees obtained through our
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approaches are more likely to have more nodes.

103



4. DOMINATING TREE PROBLEM

a
o
o

1000 [ —s— aBC DT 1 —v— ABC_DT \
—— ACO_DT —— ACO_DT
——— EA/G-MP —o— EA/G-MP 4
£ 800 g
5 5 [
= £ 300 1
S 600 3
(] Q
x x
(3] (D
S 400 @ 200 ]
o I
g g
< 200 < 100 |
0\] . s e M 0 T H i
50 100 200 300 400 500 50 100 200 300 400 500
Instance size Instance size
(a) Transmission range 100m (b) Transmission range 125m

| [ —— aBC_DT

a
o
o

w S
o o
o o

N
o
o

Average execution time

1001

50 100 200 300 400 500
Instance size

(c) Transmission range 150m

Figure 4.6: Average execution time of ABC_DT, ACO_DT and EA/G-MP over all the instances of

each size for different transmission ranges

22 | — v Transmission rang 100m =
——k—— Transmission rang 125m
——o—— Transmission rang 150m

20 ’\_// J

18} 1

161 1

Best ANDN

14}
12}

4

101

8 ; ; ; ;
50 100 200 300 400 500
Instance size

Figure 4.7: Best ANDN among ABC_DT, ACO_DT and EA/G-MP on each problem size for

different transmission ranges

104



4.6 Conclusions

4.6 Conclusions

In this chapter, we have presented two approaches, viz. a problem specific heuristic called
M_DT and a hybrid approach called EA/G-MP that combines evolutionary algorithm with
guided mutation with two improvement procedures for the dominating tree problem (DTP). On
54 benchmark instances of various sizes and transmission ranges, M_DT produced better results
in comparison to state-of-the-art problem specific heuristic approaches available in the literature.
Similarly, EA/G-MP is able to find better solutions on most of the test instances when compared
to two state-of-the-art metaheuristic approaches, viz. ABC_DT and ACO_DT in a much shorter

time.
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Chapter 5

Order Acceptance and Scheduling

5.1 Introduction

In a make-to-order system, customers put their orders at a time for processing. Due to this
an additional wait time is incurred to receive the product. But it gives system the flexibility
to customize the processing of these orders according to its capability. Tight order delivery
deadline requirements may force a system with limited processing capability to first decide
which orders should be accepted and then where to put the accepted orders in the processing
sequence.

The order acceptance and scheduling problem (OAS) [100] deals with this class of problems
where acceptance and timely delivery of orders play important role in generating revenue for
the system. The OAS problem has two folds- first is to decide which orders should be accepted
and the second is sequencing of the accepted orders. The OAS problem can be considered as a
mix of knapsack and scheduling problems. If there is no scheduling component then the OAS
problem reduces to knapsack problem. On the other side, if all the orders are accepted then the
OAS problem reduces to a single machine scheduling problem. The coupled decisions of the
OAS problem makes it a complex problem, but solving this problem helps in maximizing the
net revenue gained through the production system.

A number of diverse versions of OAS problem have been studied in the last two decades.
The extensive study of various OAS problem versions can be found in the literature survey of
[101] and [102]. This chapter is focused on the OAS problem, where the number of incoming
orders is fixed in a single machine environment. In other words, a set of orders are put at a time

and the orders are processed sequentially one after another.
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5.1 Introduction

Many exact approaches have been proposed to solve the diverse versions of OAS problem.
An integer-programming approach was proposed in [103]. Mixed-integer programming ap-
proaches were developed in [104, 105]. Further, Yang and Geunes [106], Oguz et al. [107], and
Nobibon and Leus [108] developed mixed integer linear programming based approaches to solve
the OAS problem. Dynamic programming based approaches were proposed in [109, 110, 111].
The generalized version of order acceptance and scheduling problem was solved by two exact
branch-and-bound approaches [108]. An optimal branch-and-bound approach using a linear (in-
teger) relaxation for bounding is applied to a problem where the acceptance and the scheduling
of orders happen together. Another enhanced branch-and-bound method was proposed in [112].

The complex decision procedure of the OAS problem makes it NP-hard [107, 113, 114].
Due to this, it is not possible to solve large sized problem instances through exact approaches.
To get a good solution with a limited computational expense, a number of heuristic algorithms
are also proposed. In general, the heuristic algorithms can be classified into two categories, viz.
construction heuristics (CHs) and improvement heuristics (IHs). In CHs, an order is added at a
time according to some criterion. Once an order is accepted and scheduled, it cannot be reversed.
The whole process is repeated until all the orders are processed. The examples of CHs are the
methods proposed in [5, 103, 106, 107, 110, 115]. A common shortcoming of all these methods
is the non-robustness of the solutions obtained by them. Another limitation of these methods
is no one outperforms all other CHs on a given performance criteria on large sized problem
instances. On the other hand, an IH method begins with an initial solution and repeatedly
try to improve it in a reasonable time. The examples of IH methods are those proposed in
[5, 105,109, 114, 116, 117]. Further, metaheuristic approaches can also be regarded as extension
of IH methods where a single solution or a group of solutions are processed to get even better
solution(s). Several metaheuristic based algorithms have been proposed to solve the different
versions of OAS problem in a single machine environment. The examples of metaheuristic
algorithms are simulated annealing (SA) [107], genetic algorithm (GA) [118, 119], extremal
optimization (EO) [118], tabu search (TS) [5] and artificial bee colony algorithm (ABC) [120].
The last two approaches, viz. TS and ABC are the two best performing approaches for the OAS
problem, and hence, the next two paragraphs provide a brief introduction to these approaches.

Cesaret et al. [5] proposed three algorithms for the OAS problem, viz. a modified apparent
tardiness cost rule-based approach (called m-ATCS), a SA-based algorithm (called ISFAN) and
a tabu search based algorithm (called 7'S). The OAS problem is also solved by the CPLEX

solver with a time limit of 3600 seconds using the mixed integer linear programming (MILP)
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formulation given in [107]. The tabu search (TS) algorithm uses compound moves to guide the
search. Each compound move performs iterative drop, add and insertion operations by using the
problem specific information. The TS algorithm maintains a database of two different factors-
first is the status of accepted as well as rejected orders and the second is the processing sequence
of the orders. Based on the information in the database about these two factors the acceptance
and scheduling of orders are done simultaneously rather than sequentially. After each iteration
of TS algorithm the solution is passed through a probabilistic local search procedure to improve

the solution and also to maintain diversification in the search process.

Lin and Ying [120] proposed an artificial bee colony algorithm (ABC) which is a swarm-
based metaheuristic to solve OAS problem. They used permutation based representation of
solution. In the ABC approach, the neighbouring solutions are generated using either order
crossover [21] or IG algorithm [121]. The IG algorithm consists of destruction and construction
phases, and implemented in the same way as Yin and Lin [122] implemented. In destruction
phase, randomly a fixed number of orders is deleted, whereas, in construction phase, the
orders deleted by destruction phase are reinserted. In the employed bee phase, the neighbouring
solutions are generated by using either IG algorithm or order crossover. However, in the onlooker
bee phase, neighboring solutions are generated through IG algorithm only. The performance of
ABC algorithm was compared with TS approach on the same benchmark instances as used in
[5]. Computational results established the superiority of ABC approach over TS.

In this chapter, we present a steady-state genetic algorithm (SSGA) and an evolutionary
algorithm with guided mutation (EA/G), both hybridized with a local search for the OAS
problem in a single machine environment. We have compared our hybrid SSGA and hybrid
EA/G approaches with the TS [5] and ABC [120] approaches on the same benchmark instances
as used in [5, 120]. In comparison to these approaches, our hybrid approaches obtained better
quality solutions.

The remainder of this chapter is organized as follows: Section 5.2 formally defines the
OAS problem studied in this chapter. Section 5.3 and Section 5.4 respectively describe our
hybrid steady-state genetic algorithm and hybrid evolutionary algorithm with guided mutation
approaches for the OAS problem. Computational results and their analysis are presented in

Section 5.5. Finally, Section 5.6 outlines some concluding remarks.
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5.2 Problem formulation

5.2 Problem formulation

The formulation of the order acceptance and scheduling (OAS) problem is same as provided
in [120]. In a single machine environment, a set of n incoming orders is to be processed one
at a time without any precedence and without preemption. In other words, any order can be
processed at any time (after its release date) and can occupy any position in the processing
sequence, and, once an order starts processing, it can not be stopped until it finishes. Each order

¢ has the following characteristics:
1. A release date r, i.e., processing for order ¢ can not start before its release date.
2. A processing time F;, i.e., machine takes P; time to process order ¢

3. A maximum revenue gain Fj, i.e., if order 7 is accepted and its completion time Cj is less
than or equal to its due date d;, then the revenue gain for the order ¢ will be E;. If C; is
greater than d; then a tardiness penalty is incurred and revenue gain decreases with time
and, finally, the revenue gain will be zero when Cj; is greater than or equal to the dead line
d; for order i. The per unit time tardiness penalty of an order 1 is calculated as follows w;

= Ez/@ — d@) where d; < Ez

4. A sequence dependent setup time .S;; (¢ # j) between order i and j is incurred when

order ¢ is processed immediately before order j in the sequence.

It is assumed that all the above information about all the orders are known in advance. Based on
the above definitions, the objective function of OAS problem is to find a processing sequence of
all the accepted orders on the single machine that maximizes the total net revenue (TNR). The

objective function for TNR is presented in Equation (5.1).
TNR = max sz(El — w;Ty) 5.1

Where n is number of orders, T; = maz(0,C; — d;) is tardiness of an order i. z; Vi €
{1,2,...,n} are boolean variables. x; = 1 means order i is accepted and x; = 0 means order
is rejected. Here, it is to be noted that any order j for which C; > Ej is rejected by setting its

associated boolean variable z; to zero.

109



5. ORDER ACCEPTANCE AND SCHEDULING

5.3 Hybrid steady-state genetic algorithm

Our genetic algorithm for the OAS problem uses the steady-state population model [21]. Dur-
ing each generation a single offspring is produced which replaces the worst member of the
population irrespective of its own finess in case this offspring is different from all the existing
population members. This offspring is discarded in case it is found to be identical to any
existing population members. Other salient features of our SSGA approach are described in the

subsequent subsections.

5.3.1 Solution encoding

We have used the same encoding scheme as used in [120]. In this scheme, each chromosome is
a linear permutation of all the n orders. An order at a particular position in the chromosome is
accepted for processing only when its deadline constraint is not violated considering all orders

preceding it in the solution and its release date.

5.3.2 Fitness evaluation

Fitness function calculates the fitness of only accepted orders in the solution and is same as the

objective function (Equation (5.1)).

5.3.3 Initial population generation

Each member of the initial population except the first member is generated in the following
manner: Initially, OAS is an empty schedule, C; is the completion time of the last order in
the schedule which is initialized to zero. O is set of orders which are yet to be scheduled.
Initially, O contains all the orders. U, is a set which maintains the rejected orders and is initially
empty. Iteratively, an order o is selected from O in one of the two ways - With probability 6,
Equation (5.2) is used to select an order, otherwise randomly an order is selected from the set O.

B
0 ¢ arg max — (5.2)
i€cO  Pi

Where ¢; is (Sk; + P;) x d; and k is the order last added in O AS. Obviously, Equation (5.2)
favors an order with higher revenue, lesser sum of setup & processing times and earlier deadline.
Here, 6 is a parameter to be determined empirically. o is deleted from O and added to OAS at

the first available position if it is possible to finish its processing before its deadline. If not, o is
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Algorithm 5.1: The pseudo-code for generation of each initial solution.

1:

[N T NG T NS I N B T e i e e e e i
W 2o 00N RR 22

R R AN AN

O+ {01,092,...,0,}
OAS + 9,

oa. + 1;

C; < 0;

while (O # ) do

Generate a random number 7 such that 0 < r < 1;
if (r < 0) then

0 < arg max %;
0€e0O ¢
else

0 < random(0);
end if
if (R[o] < C; and (C; + S[OAS[oa. —1]][o] + P,) < d(o0)) then
OAS[oa.] + o;
Cy + C; + S[OAS[oa. —1]][o] + Po;
oa. < oa. + 1;
else
U, + U, U{o};
end if
O + O\{o};

: end while

: Apply Assignment Operator to insert the orders from U, to OAS);
Apply Local Search to improve O AS;

: return OAS;

> 1 is number of orders

> Equation (5.2)

> Section 5.3.7
> Section 5.3.8

added to U,. This process is repeated till O becomes empty. After that the orders from set U, are

inserted to O AS with the help of assignment operator (Section 5.3.7). The first member of the

initial population is also generated using the above process except for the fact that Equation (5.2)

is used always to select an order from O, i.e., first member is generated by setting § = 1. Each

member of the initial population is passed through a local search to further improve its quality.

The pseudo-code of initial solution generation process is given in Algorithm 5.1.

5.3.4 Selection of parent(s)

We have utilized binary tournament selection (BTS) method to choose two parents for crossover

and one parent for mutation. The chromosome with better fitness is selected to be a parent with

the probability b, otherwise the worse one is selected.
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5.3.5 Crossover

As OAS problem posses the characteristics of subset selection and permutation problems both,
we have developed a special crossover operator for it. Our crossover operator begins with
an empty offspring, and then starting from the first position in the offspring, each position in
the offspring is considered one-by-one. For each position, one of the two parents is selected
uniformly at random, and the order at that position in the selected parent is copied at the same
position into the offspring in case this order is not already copied to the offspring at some other
position. If the order is already copied to the offspring then this position is left blank and the next
position is considered. Once every position is considered, all empty positions are shifted towards
the end by moving orders in the offspring towards the start while respecting the relative ordering
among them. Now, all unassigned orders will be assigned to this offspring with the help of As-

signment operator (Section 5.3.7). For example, consider two parents p; and py as shown below:

Parentp;:3 6 8 10 9 5 7 4 2 1.
Parentps:3 10 9 8 7 4 6 2 1 5.
Position: 1 2 3 4 5 6 7 8 9 10.

Parent Selected: p1 p1 p1 p2 p2 p1 p2 P2 P1 P1-
Offspring: 3 6 8 - 7 5 - 2 - 1.
Offspring after shifting: 3 6 8 7 5 2 1 - — —

From the positions 1% to 37¢, parent p; is selected and the orders 37%, 6/ and 8" are copied
to the offspring at the positions 15¢, 2" and 3"¢ respectively. At 4 position, parent py is
selected, but the order 8" is already included in the child solution. Therefore, this position is
left blank and the 5" position is considered. Similarly, at positions 7" and 9", parents p, and
p1 are selected respectively, but the corresponding orders 6! and 2"¢ are already included in
the child solution. Therefore, the next position is considered without including these two orders.
Finally, at the last position, parent p; is selected and order 1°¢ is included in the child solution.
After this, orders already included in the offspring are shifted towards start without disturbing
their relative order. Now, the unassigned orders, viz. orders 4, 9 and 10 are assigned with the
help of assignment operator (Section 5.3.7).

We have also tried UOB crossover for OAS problem, but the crossover operator described

above in combination with assignment operator consistently produced better results than UOB
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crossover. It is pertinent to mention that UOB crossover produces a permutation containing all
n orders as offspring and there is no need to use assignment operator, so it is faster than the

combination of our crossover operator and assignment operator.

5.3.6 Mutation operator

The purpose of mutation operator is to maintain diversity in the population as well as to prevent
the search process from getting stuck into a local optima. The proposed mutation operator starts
by randomly deleting mut (1 < mut < Del) number of orders, where Del is some fixed integer
which is always less than the number of orders. Like the crossover operator, the remaining
orders are shifted towards the beginning while maintaining the relative ordering among orders
by shifting the vacant positions towards the end. The deleted orders are re-inserted by the
assignment operator (Section 5.3.7).

Crossover and mutation are applied in a mutually exclusive manner. With probability 7.

crossover is used, otherwise mutation is used.

5.3.7 Assignment operator

Assignment operator assigns leftout orders into the schedule. Our assignment operator is
a modified version of the Construction phase of [121]. It begins by computing the set of
unassigned orders U, and then an iterative process follows. During each iteration, an order o is
selected randomly from the set U, and inserted at the best position in the partial schedule. Here
by best position, we mean the position at which inserting the job o increases TN R by maximum
amount. If no position is available which increases the T'INV R, then we look for a position at
which inserting the job o reduces the completion time of the last order in the schedule while
keeping the T'N R same. If no such position is available also, then we insert the order o at the

end of the partial schedule. This whole process is repeated until U, becomes empty.

5.3.8 Local search

To further improve the solution quality, each initial solution is passed through a local search.
This local search is also applied to the child solution obtained after the application of crossover/-
mutation, only when the difference of the fitness of child solution and the fitness of the best
solution found so far is less than Py times the fitness of the best solution found so far. Our local

search is a modified version of the local search used in [120], which is based on exchange of
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orders with subsequent orders. This local search considered only the T'N R while exchanging
the orders, whereas the modified version also considers the completion time, Cj, of the last
order in the schedule in case TN IR remains same before and after the exchange. The motivation
is to accept an exchange which makes space to accommodate other orders without losing any

revenue. The pseudo-code of our local search is presented in Algorithm 5.2.

Algorithm 5.2: The pseudo-code of local search
> Cyo: Input solution on which local search is to be applied

1: C} < Completion time of last order in Cj;;
2. for(t+ 1;i<n—1;i4++)do
3: for(j <1+ 1;5<n;57++)do

4: Obtain a new solution N,; by exchanging the orders at positions ¢ and j in solution Cl;;
5: Cliem < Completion time of last order in N,;;
6: if (TNR(Ngo) > TNR(Csp1)) or (TNR(Ngo) = TNR(Csp) and Ciep, < C))) then
7: Csol < Nsol;

8: C) + Ciems

9: end if

10: end for

11: end for

12: return C,,;;

The pseudo-code of our hybrid SSGA approach for the OAS problem is given in Algo-
rithm 5.3, where BTS(), Crossover(), Mutation(), Assignment_Operator() and Local_Search()
functions return the solution as per their description in Section 5.3.4, Section 5.3.5, Section 5.3.6,
Section 5.3.7 and Section 5.3.8 respectively. Hereafter, our hybrid steady-state genetic algorithm

based approach for OAS problem will be referred to as HSSGA.

5.4 Hybrid EA/G approach

Our hybrid EA/G approach uses the same solution encoding, fitness function, assignment
operator and local search as used by HSSGA. Other salient features of our hybrid EA/G
approach are described in subsequent subsections. Hereafter, our hybrid EA/G approach will be

referred to as EA/G-LS.

5.4.1 Initialization and update of the probability matrix

Like previous chapters, to model the distribution of promising solutions in the search space, a

univariate marginal distribution (UMD) model is used. However, unlike previous chapters, a
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Algorithm 5.3: The pseudo-code of HSSGA approach

1: Generate initial population of solutions; > Section 5.3.3

2: Soly, < Best solution of initial population;
3: fso, < fitness(Soly);
4: while (termination condition is not satisfied) do

5 Generate a random number 701 such that 0 < r01 < 1;

6: if (r01 < 7.) then

7 p1 < BTS(); > Section 5.3.4
8 p2  BTS(); > Section 5.3.4
9: Cs < Crossover(pi,p2); > Section 5.3.5
10: else

11: p < BTS(); > Section 5.3.4
12: Cs + Mutation(p); > Section 5.3.6
13: end if

14: Cs + Assignment_Operator(Cs); > Section 5.3.7

15: fo. < fitness(Cs);
16: if((fSolb — fe.) < (fson, % Pf)) then

17: Cs < Local_Search(Cs); > Section 5.3.8
18: fo. < fitness(Cy);

19: end if

20: if (C; is different from current population members) then

21: Replace worst member of population with C';

22: if (fc, > fso,) then

23: Soly « Cs;

24: fsot, < fo.;

25: end if

26: end if

27: end while
28: return Soly;

n x n probability matrix P(g) models the distribution of promising solutions at iteration g. The
value p;; gives the probability of order ¢ at the position j in any schedule. Salhi et al. [123] used

this matrix representation in the context of a flowshop scheduling problem.

P11 P12 - DPin

P21 P22 - DP2n
Plg)=1|. . . .

Pnl Pn2 - Pnn

This probability matrix is initialised using N initial solutions which are generated in the

same manner as all initial population members except the first one in genetic algorithm. The
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pseudo-code for initializing the probability matrix is given in Algorithm 5.4.

Algorithm 5.4: The pseudo-code for initializing the probability matrix P(g)

1: Compute n;; < number of initial solutions containing order ¢ at position j, Vi € O,
i=12,...,n;
2: Compute p;; < %,Vi €0,j=1,2,...,n;

Once the n x n probability matrix P(g) is formed, a n element vector B,(g) is computed

which contains for each order ¢, the position j; which has maximum probability, i.e.,
By(9)=1[i1 Jd2 - di - Jn)

where each j; is computed as follows:

Ji ¢ arg max p;i (5.3)
k=1,2,...,n

At each generation g, a parent set parent(g) is formed by selecting the best L solution from
the current population pop(g) like the previous chapter. Once parent(g) is formed, it is used for
updating the probability vector P(g). The pseudo-code for updating the probability vector is
given in Algorithm 5.5, where A € (0, 1] is the learning rate.

Algorithm 5.5: The pseudo-code for updating a probability vector p in generation g

1: Compute n;; < number of solutions in parent(g) containing order ¢ at position j, Vi € O, j =
1,2,...,n;
2: Compute p;j < (1 — N)p;j + A5, Vi€ 0,5 =1,2,...,n;

5.4.2 Guided mutation (GM) operator

As mentioned already in the beginning of this section, GM operator uses both the global
statistical information about the search space (stored in the form of probability matrix P(g)) and
the location information of the parent solution to generate a new offspring. Our GM operator
is applied on a set of M best solutions in the current population pop(g). The proposed GM
operator works as follows: On the set of M best solution {s1, s2, ..., sy}, GM operator is
applied only once on each s;,t = 1,2,..., M to generate {cy,ca,...,car} offspring. The
pseudo-code of GM operator is presented in Algorithm 5.6, where 3 € [0, 1] is an adjustable

parameter and N.S is a new offspring constructed through GM operator. Positioning of orders
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in NS are either sampled randomly from the probability matrix P(g) or directly copied from
the solution s; in pop(g). To sample the positioning of an order i through probability matrix,
we first access B)(g) to get j; and then make use of entry p;j;, in P(g). In case of sampling
from probability vector P(g), the order i is copied to position j; only when the position j; in
the partial schedule VS is not occupied, otherwise that order is added into the set U,. Whereas
in case an order is to be directly copied from the solution sy, it is copied from solution s; only
when the corresponding position of that order in V.S is not occupied. In other words, suppose
the position index of the order ¢ in the solution s; is I (1 < [ < n). Now, the order ¢ will be
copied at the position [ in V.S if that position is not occupied, otherwise add the order 7 into set
U,. This process is repeated till all the orders are considered. After this the orders in the set U,

are assigned to /N .S using the assignment operator (Section 5.3.7).

Algorithm 5.6: The pseudo-code of generating a solution through GM operator
1: for G+ 1;i <n;i++)do
2: NSi] « 0;

3: end for
4: U, «+ 0
5: for (each order ¢ € O) do
6: Generate a random number 71 such that 0 < r; < 1;
7: if (r; < () then
8: Generate a random number r5 such that 0 < ro < 1;
9: if (ry < piji) then
10: if (N S[4;]=0) then
11: NS[ji] + i
12: else
13: Up  Up Ut
14: end if
15: end if
16: else
17: if (N S[s¢[4;]]=0) then
18: NS[s¢[4i]] < 45
19: else
20: Uy U, Ut
21: end if
22: end if
23: end for
24: NS «+ Assignment_Operator(NS); > Section 5.3.7
25: return N S;
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5.4.3 Other features

Same local search as used in HSSGA (Section 5.3.8) is applied to each solution obtained through
GM operator only when the difference of the fitness of the solution under consideration and
the fitness of the best solution found so far is less than P times the fitness of the best solution

found so far.

Like the approach of previous chapter, parent(g) is formed by using the best L solutions
from pop(g), and M new solutions are produced through applying guided mutation operator
once on each of the best M solutions in pop(g) in each generation. The best N; — M solutions
of pop(g) along with M newly produced children constitute pop(g+1). Also like the approach
of previous chapter, if the best solution of the population does not improve over R; generations,
we reinitialize the population and probability matrix. For this, we create a new population of N
solutions. The best solution obtained since the beginning of the algorithm is included in this
population as its first member. Remaining /N; — 1 members of this population are generated in
the same manner as non-first members of initial population are generated in genetic algorithm.

Then we make use of Algorithm 5.4 to re-initialize the probability matrix.

The pseudo-code of our EA/G-LS approach is given in Algorithm 5.7.

Algorithm 5.7: EA/G-LS Approach for OAS
1: At generation g < 0, an initial population pop(g) consisting of Ny solutions, is generated randomly;

2: Initialize the probability vector p for all orders using Algorithm 5.4;

3: Select best L solutions from pop(g) to form a parent set parent(g), and then update the probability
vector p using Algorithm 5.5;

4: Apply the GM operator once on each of the M best solutions in pop(g) in order to generate M new
solutions. The assignment operator is applied to each generated solution, if necessary, and then
the local search is applied to each generated solution only in case solution under consideration is
sufficiently close to the best solution found so far (See Section 5.4.2). Add all M newly generated
solutions along with Ny — M best solutions in pop(g) to form pop(g+1). If the stopping condition is
met, return the solution with maximum 7' N R found so far ;

5:9+g+1;

6: If the best solution of the population did not improve over R; generations, then reinitialize entire
pop(g) except for the best solution, and then go to step 2 ;

7: Go tostep 3 ;
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5.5 Computational results

The proposed approaches have been coded in C language and executed on a Linux based system
with 3.10GHz Intel core 15-2400 processor and 4GB RAM. gcc 4.6.3-2 compiler
with 03 flag has been used to compile the C programs, and their performances are examined
on the same set of test instances as used in [5, 120]. These test instances were generated
by Cesaret et al. [5] and can be downloaded from http://home.ku.edu.tr/~coguz/
Research/Dataset_OAS. zip. These test instance were generated considering the three
factors: number of orders (n), the tardiness factor (7) and the due date range (R). Number of
orders is set to 10, 15, 20, 25, 50 and 100. The values of 7 and R are set to 0.1, 0.3, 0.5, 0.7
and 0.9. For each combination of these three factors, 10 instances were generated. Therefore,
total number of instances is 1500 (6 x5x5x10). The instances were generated in the following
way: A maximum revenue gain, F; and a processing time, F;, for each order is generated from
the uniform distribution [0, 20]. A release date r; is generated with uniform distribution in
the interval of [0, 7 Pr], where Pr is the total processing time of all orders. The sequence-
dependent setup time Sj; (j,© = 1,2,...,n.j # i) between orders ¢ and j is generated with
uniform distribution in the interval of [0, 10]. A due date d; = 7; + max;—o 1,... »5j; + max{slack,
P;} of an order ( = 1, 2, ...,n) is generated in the interval of [Pr(1-7-R/2), Pr(1-7+R/2)]. A
dead line of an order i is defined as d;=d;+RP;. A non-integer tardiness weight of an order ¢ is
calculated as w;=E;/(d;-d;).

Proposed HSSGA parameters: The proposed hybrid steady-state genetic algorithm starts
with the population size Pop;=60, b;=0.50 is used to choose a better member through the binary
tournament selection (BTS), probability for crossover C,=0.80 (hence mutation is used with
probability 0.20 as crossover and mutation are used mutually exclusively). Del=6 is used to
delete orders in mutation operator. P is set to 0.015, and 6=0.65 is used in initial solution
generation. The HSSGA is allowed to execute till the best solution does not improve over 5000

generations and it has executed for at least 10000 generations.

Proposed EA/G-LS parameters: For EA/G-LS, we have used the population size of N
=40, L = 20, M=20 to generate new offspring through the guided mutation operator. The
value of 3 is set to 0.10. A=0.35 is used to update the probability vector of the promising
solutions. The value of #=0.65 is used in the initial solution generation. P is set to 0.015. If

the best solution does not improve over R;=50 generations, the entire population, except the
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best solution, and the probability matrix are reinitialized. The EA/G-LS is allowed to execute
till the best solution does not improve over 100 generations and it has executed for at least 200
generations.

All the above mentioned parameters for EA/G-LS and HSSGA are set after extensively
experimenting with different values. These selected parameter values produce good results,
though they may not be optimal for all instances.

We have compared our HSSGA and EA/G-LS approaches with Tabu Search (TS) [5] and
Artificial bee colony algorithm (ABC) [120] based approaches. Like TS and ABC approaches,
our approaches have been executed on each instance once. The criteria to evaluate the perfor-
mance of various approaches is the percentage deviation of T'N R obtained by an approach from
the upper bound (U B) on each of the 1500 instances. The percentage deviation on an instance

is calculated as follows:

% Deviation from UB= (UB{]%R) x 100%

Where T'N R indicates the T'N R obtained by the approach in consideration and U B is the upper
bound proposed in Cesaret ef al. [5]. We have reported the maximum, average and minimum
percentage deviations from UB of various approaches on each group of 10 instances with same
n, 7 and R. Tables 5.1 to 5.6 report the results obtained by TS, ABC, HSSGA and EA/G-LS
approaches for instances with 10, 15, 20, 25, 50 and 100 orders respectively. These tables also
report the number of proven optimal solutions found over each group of 10 instances by each of
the 4 methods and their average execution times. Detailed instance by instance results for TS and
ABC approaches have been obtained from authors of [120] through personal communication.
We have made use of these detailed results to report the percentage deviations of ABC and
TS approaches with an increased precision in these tables than those reported in [5, 120]. TS
approach was executed on 3.0 GHz Intel Xeon Processor based system with 4GB of RAM and
ABC approach was executed on 3.0 GHz Intel Pentium 4 Processor based system with 4GB of
RAM. As TS and ABC approaches were executed on systems whose configuration is different
from the system used to execute HSSGA and EA/G-LS approaches, and therefore, execution
times of different approaches in these tables can not be compared precisely.

Tables 5.1 to 5.6 show that the HSSGA and EA/G-LS solve more instances optimally in
comparison to TS and ABC approaches. For problem size 10, out of 250 test instances TS, ABC,
HSSGA and EA/G-LS found 188, 247, 249 and 247 optimal solutions respectively (Table 5.1).
For problem size 15, out of 250 test instances TS, ABC, HSSGA and EA/G-LS found 91, 101,
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121 and 118 optimal solutions respectively(Table 5.2). Out of 250 test instances with size 20, TS,
ABC, HSSGA and EA/G-LS found 47, 58, 76 and 75 optimal solutions respectively(Table 5.3).
Table 5.4 shows that for problem size 25, out of 250 test instances TS, ABC, HSSGA and
EA/G-LS found 34, 43, 55 and 54 optimal solutions respectively. Table 5.5 shows that for
problem size 50, out of 250 test instances TS, ABC, HSSGA and EA/G-LS found 4, 18, 28
and 31 optimal solutions respectively . As per Table 5.6, for problem size 100, out of 250 test
instances TS, ABC, HSSGA and EA/G-LS found 5, 21, 30 and 31 optimal solutions respectively.

From these tables, it can be observed that most of the Max., Avg. and Min. % deviation
from UB of the proposed HSSGA approach are less than or equal to TS and ABC approaches.
Similar observations can be made about EA/G-LS. As mentioned already that systems used to
execute TS and ABC approaches had different configuration than the system on which HSSGA
and EA/G-LS have been executed, and therefore, execution times of HSSGA and EA/G-LS
can not be compared precisely with those of TS and ABC. However, HSSGA and EA/G-LS
approaches are definitely slower than TS and ABC on most of the instances.

As far as comparison between our two proposed approaches are concerned, we can observe
from Tables 5.1 to 5.6 that on most of the instance groups HSSGA and EA/G-LS obtained
results which are very close to each other. But, overall HSSGA shows the dominance over
EA/G-LS approach in terms of solution quality. From these tables we can see that the “Total
Average” returned by HSSGA is better than EA/G-LS in terms of Max., Avg. and Min. %
deviation from U B, except on instances with 50 orders where the minimum (Min.) % deviation
from U B is worse in comparison to EA/G-LS. If we compare the number of optimal solutions,
HSSGA found more number of optimal solutions than EA/G-LS on all instance groups (except
the groups containing 50 orders). However, the computational time taken by HSSGA is always

greater than EA/G-LS on all instance groups.
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5.5 Computational results

Table 5.7 compares TS, ABC, HSSGA and EA/G-LS approaches over the groups of instances
with same problem size, i.e., same number of orders. Each problem size consists of 25 groups,
and each group contains 10 instances with the same number of orders, tightness factor (7) and
range factor (R?). Results in the corresponding columns indicate that on how many groups, the
former approach is less than (Entries marked with <), better than (entries marked with >) and
equal to (entries marked with =) to the latter one approach. For example, column “HSSGA vs.
TS” reports that, out of 25 groups, on how many groups HSSGA is worse than TS, better than
TS and equal to TS for each problem size. The comparison is done in terms of the maximum
(Max_Dev.), average (Avg_Dev.) and minimum (Min_Dev.) % deviation from upper bound.
In this table, row “Total” provides the overall count out of all 150 groups (25 groups for each
problem size).

We have also studied the convergence behaviour of HSSGA and EA/G-LS on each instance.
Figures 5.1(a) to 5.1(f) plot the number of solutions generated by HSSGA and EA/G-LS to reach
the best solution on each of the 250 instances of a particular size. In these figures, the horizontal
lines indicate the average number of solutions generated by the corresponding approach (HSSGA
or EA/G-LS) to reach the best solution. From these figures, it can be observed that HSSGA and
EA/G-LS approaches converge very fast on most of the instances.

HSSGA generates minimum 10000 solutions, but on most of the instances, it reached the
best solution after generating very few solutions only. On problem size 10, HSSGA took on
an average 45 and maximum 3075 solutions to reach the best solution, on problem size 15, the
average number of solutions is 417, whereas the maximum number of solutions is 7404, on
problem size 20, the average number of solutions is 889, whereas the maximum number of
solutions is 13368. Similarly, on problem sizes 25, 50 and 100, HSSGA generates on an average
1379, 3950 and 6618 solutions respectively to reach the best solution, whereas the maximum
number of solutions generated by HSSGA to reach the best solution are 12223, 22178 and
21561 on instances of size 25, 50 and 100 respectively. Same kind of observations can be made
about the convergence behaviour of EA/G-LS. On problem sizes 10, 15, 20, 25, 50 and 100,
EA/G-LS generates on an average 120, 320, 580, 820, 1940 and 3520 solutions respectively to
reach the best solution. The maximum number of solutions generated by EA/G-LS to reach the
best solution are about 2800, 5540, 5700, 6580, 6580 and 12760 on instances of size 10, 15, 20,
25, 50 and 100 respectively.
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Figure 5.1: Number of solutions generated by HSSGA and EA/G-LS to reach the best solution on
each instance with 10, 15, 20, 25, 50 and 100 orders
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5.6 Conclusions

This chapter presented two hybrid metaheuristic approaches, viz. HSSGA and EA/G-LS for
order acceptance and scheduling (OAS) problem in a single machine environment. We have
compared our approaches with two state-of-the-art approaches, viz. TS and ABC for OAS
problem and the computational results show the superiority of the proposed approaches in terms
of solution quality. However, in terms of computational times, TS and ABC approaches are
faster than HSSGA and EA/G-LS approaches on most of the instances. As far as comparison
between the two proposed approaches is concerned, HSSGA and EA/G-LS obtained solutions
close to each other on most of the instances. Though, HSSGA is slightly better than EA/G-LS

in terms of solution quality, it is slower.
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Chapter 6

The Single Machine Total Stepwise
Tardiness Problem with Release Dates

6.1 Introduction

This chapter addresses a single machine scheduling problem where the tardiness cost of a job
increases stepwise with various due dates. Using the notational conventions similar to those
used in [124], the problem can be formulated as follows: Given n independent jobs Ji, Js,...,J5,
each of which has to be sequentially processed without preemption on a single machine. Each
job J; needs a processing time p; on this machine and has a release date r;. It also has m due
dates dij,ds;, ..., dp; such that di; < dgj < ... < dy,j. The job J; can not start before its
release date and is considered to be tardy if its completion time C; exceeds d1;. Each tardy job

incurs a tardiness cost. The tardiness cost f;(C;) of job J; is determined as follows:

0, if C; < dyy;

wij, if dlj < Cj < d2j;

[i(Cy) = Qway,  ifdy; < Cj < dsy; (6.1)

Wmj ifdmj < Cj.

where wy; is the tardiness cost of the job J; in the kth late period and 0 < wy; < wgj < ... <
wm;. The objective of the single machine total stepwise tardiness problem with release dates

(SMTSTP-R) considered in this chapter is to find a schedule that minimizes

> Fi(C)) (6.2)
j=1
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Tardiness Cost
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(a) Conventional tardiness (b) Stepwise tardiness

Figure 6.1: Conventional and stepwise tardiness

Hence, SMTSTP-R seeks a schedule that minimizes the sumtotal of the tardiness costs of all
the jobs. We have also considered another version of SMTSTP-R in this chapter, where all
release dates are assumed to be zero, i.e., all jobs are available for processing at the beginning.
This version will be referred to as SMTSTP subsequently. Both SMTSTP and SMTSTP-R are
NP-hard, as they can be considered as generalizations of the weighted tardiness scheduling
problem which is NP-hard [125]. Using the standard three field notation [126], SMTSTP and
SMTSTP-R can be denoted as 1| f;(C;) and 1|r;|f;(C;) respectively.

Unlike the conventional scheduling problems based on tardiness criterion where there is a
single due date d; for each job J; and the tardiness cost associated with a job is assumed to
be a linear function of its completion time ( Figure 6.1(a)), SMTSTP and SMTSTP-R assume
that the tardiness cost of a job to be a piecewise constant function of the completion time,
i.e., tardiness cost increases in a stepwise manner with various due dates ( Figure 6.1(b))[124].
Stepwise tardiness cost occurs in several practical scenarios mostly related to transportation
[124, 127, 128]. Transportation services are not always available and a finished job has to
wait till the next transportation service is available. Hence, the delivery time of a job finished
anywhere after the departure of one service and before the departure of the next service remains
unaffected at the end customer. As a result such a job incurs the same tardiness cost irrespective
of its exact completion time. Hence, the tardiness cost in this situation increases in a stepwise
manner. Another situation where tardiness costs of jobs increase in a stepwise manner arises
when modes of shipping (rail, road, air etc.) of jobs depend on their completion times with

respect to their various due dates.

133



6. THE SINGLE MACHINE TOTAL STEPWISE TARDINESS PROBLEM WITH
RELEASE DATES

Stepwise tardiness criterion also finds application for batch production in manufacturing
sector [128]. A batch may contain several customer orders each of which has its own due date.
When an order in the batch misses its due date then tardiness cost of the batch increases. Hence,
tardiness cost of the batch increases in a stepwise manner depending on how many orders have
missed their due dates. Similarly, Detienne et al. [129] describes another application of stepwise
cost function in semiconductor manufacturing, where inspection operations need to be scheduled
on parallel machines in such a manner that a fixed production schedule can be made as reliable
as possible.

There exist only a few studies in the literature utilizing stepwise tardiness criterion for
scheduling. Curry and Peters [127] produced the seminal work on stepwise tardiness criterion.
They used total stepwise tardiness criterion in a parallel machine re-scheduling problem and
proposed a branch-and-price algorithm to solve it. Sahin [128] utilized this criterion for hump
sequencing problem in railroad yards and developed integer programming formulations and
approximation algorithms to solve it.

Detienne et al. [129] proposed mixed integer linear programming models for the already
described problem of inspection operations scheduling. Later Detienne et al. [130] presented an
exact approach based on Lagrangian relaxation for SMTSTP. Lower and upper bounds based on
linear and Lagrangian relaxation of different mixed integer linear programming formulations
were also presented.

Tseng and Chen [124] presented three heuristics and a metaheuristic approach based on
electro-magnetism like mechanism (EM) algorithm [131] for SMTSTP. One heuristic was
derived by modifying Moore’s algorithm for 1| ) U; [132]. The other two heuristics were based
on NEH heuristic for the flow-shop scheduling problem with makespan criterion [133]. Though
Tseng and Chen [124] described SMTSTP-R, none of the approaches presented considered the
factor of release dates into account. EM algorithm presented was experimentally evaluated
for SMTSTP only by ignoring the release dates of all jobs and assuming all jobs are available
for processing at time zero. To compare the performance of the proposed EM algorithm, they
also implemented approaches based on genetic algorithm (GA), particle swarm optimization
(PSO), differential evolution (DE) and an existing EM algorithm for SMTSTP. Each of these
approaches was derived from the corresponding approach for a related scheduling problem
([134, 135, 136]), as there was no metaheuristic approach for SMTSTP to compare with the
proposed EM algorithm. Computational results showed the superiority of the proposed EM
algorithm over all the other algorithms considered for SMTSTP.
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To our knowledge, there exists no metaheuristic approaches for SMTSTP-R. This served
as the motivation for the present work. In this chapter, we have proposed two metaheuristic
approaches viz. a genetic algorithm (GA) and an artificial bee colony (ABC) algorithm for
SMTSTP and SMTSTP-R. We have hybridized our approaches with a local search to further
improve the quality of the solutions obtained. We have also tried an approach based on EA/G,
but its results were always much inferior to those obtained by GA and hence it is not described.
We have developed the ABC approach so that the performance of genetic algorithm can be
ascertained vis-d-vis an state-of-the-art metaheuristic for SMTSTP-R. We have compared our
approaches with those presented in [124] on the same benchmark instances as used in [124] for
SMTSTP. As the approaches presented in [124] do not use any local search, so we have also
presented the results of our approaches without any local search. Computational results show
the superiority of our approaches over other approaches in terms of solution quality and running
time both, irrespective of whether local search is used or not. For SMTSTP-R, our approaches
being the only approaches are compared among themselves. Results of hybrid GA and hybrid
ABC approaches are comparable, though the hybrid ABC approach performs slightly better in
terms of solution quality and running time both, not only on SMTSTP-R, but also on SMTSTP.

The rest of the chapter is organized as follows: Section 6.2 describes our genetic algorithm
based approach, whereas Section 6.3 describes our artificial bee colony algorithm based
approach. Computational results are presented in Section 6.4. Finally, Section 6.5 outlines

some concluding remarks.

6.2 Hybrid genetic algorithm

This section describes our hybrid genetic algorithm based approach for SMTSTP and SMTSTP-
R. We have taken the factor of release dates into account while designing genetic operators and
local search.

We have used permutation encoding to encode the solutions into chromosomes. Hence, each
chromosome is a linear permutation of jobs. The order in which jobs need to be scheduled is
determined by the positioning of the jobs in the permutation. More precisely, a value of j at the
it" position in the permutation indicates that job .J j 1s the it" job in the schedule represented
by that permutation. The decision to choose permutation encoding is based on the fact that
SMTSTP and SMTSTP-R are inherently permutation problems, and therefore, permutation

encoding is natural for them.
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Fitness function is same as the objective function (Equation (6.2)), i.e., a schedule is more
fit than the other if its total tardiness cost is less than the other.

We have used binary tournament selection (BTS) method to select two parent chromosomes
for crossover. It is also used to select a parent chromosome for our first mutation operator. With
probability Py, the chromosome having better fitness is chosen to be a parent, otherwise the
worse one is chosen.

We have employed uniform order based crossover (UOB) where jobs at each position of the
first parent is copied with probability P,. to the corresponding position of the child. The UOB
crossover is chosen because in the case of SMTSTP and SMTSTP-R, the information about the
relative ordering among jobs matters more than the information about adjacency among jobs.
P, is taken to be equal to %, where F'(p;1) and F'(p2) are the fitnesses of the first and
second parents respectively. Clearly, this scheme favors more number of jobs to be transferred
from the best of the two parents to the child [137]. The EM method of [124] also used UOB
crossover as one of the two attraction operators. The other attraction operator used was similar
block order crossover [138].

We have used crossover and mutation in a mutually exclusive manner, i.e., each child is
generated either by the crossover or by mutation, but never through crossover and mutation
both. Crossover is applied with probability P,, otherwise mutation is used. We have used two
mutation operators which are also used in a mutually exclusive manner. With probability P4,
the first mutation operator is used, otherwise the second mutation operator is used.

Our first mutation operator consists of two phases. The first phase is same as the first phase
of UOB crossover, i.e., it copies jobs at each position of the parent with probability P, to the
child. The second phase first sorts the leftout jobs in a specific order and then copy these jobs
in the sorted order to the vacant positions one-by-one beginning with the first vacant position.
There are three strategies for sorting. These leftout jobs are sorted according to non-decreasing
order of their release dates in the first strategy, according to non-decreasing order of their earliest
possible completion times (sum of release date and processing time) in the second strategy and
according to non-decreasing order of their first due dates in the third strategy. The first, second,
and third strategies are used with probabilities 0.75, 0.20, 0.05 respectively. Considering a small
number of leftout jobs, we have used selection sort for sorting. When we sort according to
release dates, we swap two jobs with probability 0.5, even when their release dates are equal.
This is done to generate diverse solutions. This is specially important for SMTSTP where all

release dates are assumed to be zero.
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Our second mutation operator consists of multiple swap operations. During each swap
operation, it selects two positions in the schedule uniformly at random and swaps the jobs
at these two selected positions. Swap operation is applied Ngyqp times. Unlike the first
mutation operator, where parent chromosome to be mutated is selected through the BTS, here
the parent chromosome to be mutated is selected uniformly at random. Actually, first mutation
operator is designed with exploitation in mind, whereas second mutation operator is designed
for exploration and maintaining the diversity in the population.

Our genetic algorithm uses the steady-state population model [21], and hence, the newly
generated child is discarded in case it is found to be identical to any existing population member,
otherwise newly generated child always replaces the worst member of the population irrespective
of its own fitness.

The population of the genetic algorithm is initialized with randomly generated permutations.
However, to comply with the steady-state population model, the uniqueness of each member of
the initial population is ensured. This is done by always comparing the newly generated random
permutation with initial population members generated so far, and, adding the newly generated
random permutation in the initial population only when it is unique. If the newly generated
random permutation is found to be identical to any initial population members generated so far
then it is discarded.

The solution obtained through the genetic algorithm is improved further through a series of
local searches. Our first local search tries to remove the idle times in the schedule whenever
doing so reduces the objective function value. The schedule may contain some idle times at
various places because a job in the schedule may finish earlier than the release date of the
next job in the schedule minus one. Our local search begins with the first job in the schedule
and check each job one-by-one to determine whether there is idle time before the job under
consideration (say .J;) can be scheduled. If there is idle time, then we try all jobs following J; in
the schedule one-by-one to determine whether inserting them before J; and shifting the jobs
affected one position towards the end removes the idle time and reduces the objective function
value. If J; is the first job in the schedule, then instead of searching for a job which can remove
the idle time completely, we search for the job which can reduce the idle time and objective
function both. The first such job say J; is inserted and the next idle slot in the schedule is
considered. If no such job exists, then this idle slot remains and the next idle slot in the schedule

is considered. This process is repeated till all idle slots have been considered once. The reason
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for special processing in case .J; happens to be the first job in the schedule is that there may not
exist any job with release date zero.

Our second local search, instead of removing idle times completely, tries to either reduce
the idle times or keep them same as long as doing so reduces the objective function value. It
is similar to first local search except for the fact that it allows insertion even when idle times
remain unchanged provided the objective function value is reducing.

Our third local search consists of successive passes of an adjacent pairwise interchange (API)
procedure. During each pass, beginning at first job in the schedule, API procedure considers
one-by-one each of the n — 1 pairs of adjacent jobs and swaps the jobs in the pair provided doing
so either reduces the objective function value or the objective function value remains the same
but the completion time of the second job in the pair after the swap reduces. API procedure
is applied repeatedly till a complete pass fails to reduce the objective function value and the
completion time. Our last local search being computationally expensive is applied only in case
the solution obtained is better than the current best solution. This local search also consists of
multiple passes through the schedule. Beginning at the first position in the schedule, it considers
each position one-by-one and tries to insert the jobs at subsequent positions in the schedule at
the position under consideration by shifting the affected jobs one position towards the end. The
job that reduces the objective function value is inserted, and the next job in the schedule is tried
for insertion at the position under consideration. The next position in the schedule is considered
for insertion when all subsequent jobs have been tried. This process is repeated till a complete
pass fails to reduce the objective function value.

The pseudo-code of our hybrid genetic algorithm based approach is presented in Al-
gorithm 6.1, where wug; is a uniform variate in [0, 1]. In this pseudo-code, crossover(),
First_Mutation() and Second_Mutation() are functions implementing UOB crossover,
first mutation operator and second mutation operator respectively. Local_Search() is another
function that implements the series of local searches described above.

Hereafter, our hybrid genetic algorithm based approach will be referred to as HGA, and the

version of this approach where no local search is used will be referred to as GA.

6.3 Hybrid artificial bee colony algorithm

As artificial bee colony (ABC) algorithm is a relatively new metaheuristic, so we provide a brief

introduction to ABC algorithm before describing our hybrid ABC approach for SMTSTP and
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Algorithm 6.1: Pseudo-code of hybrid genetic algorithm approach
1: Generate initial population;

2: best < Best solution in the initial population;
3: while (Termination condition does not hold) do

4 if (ug1 < P.) then
5 Select two parents p; and py using BTS;
6: C «+ Crossover(p1,p2);
7 else
8 if (ug1 < Put) then
9: Select a parent p using BTS;
10: C + First_Mutation(p);
11: else
12: Select a parent p randomly;
13: C + Second_Mutation(p);
14: end if
15: end if
16: C + Local_Search(C);
17: if (C' is unique with respect to the current population) then
18: Include C' in the population in place of the worst member;
19: if (C is better than best) then
20: best + C
21: end if
22: end if

23: end while
24: return best;

SMTSTP-R.

6.3.1 Introduction to ABC algorithm

ABC algorithm is inspired by foraging behavior of honey bees. Since the inception of ABC
algorithm in 2005 [13], it has been playing a remarkable role in finding high quality solutions for
hard optimization problems. In nature, the forager bees are classified into three categories, viz.
scout bees, employed bees and onlooker bees. Scout bees are those bees that search new food
sources in the vicinity of the hive, and, as soon as, they find food sources, they become employed
bees. Employed bees are those bees that are currently exploiting food sources. Onlooker bees are
those bees that wait in the hive for the employed bees to return and communicate with them the

information (direction, distance, and nectar content) about their respective food sources through
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a dance known as Waggle dance. Onlookers tend to select a food source with a probability
proportional to the quality of that food source. Obviously, a good quality food source would
attract more onlooker bees. Once an onlooker selects a food source, it also becomes employed.
If a food source becomes empty, then all employed bees associating with such a food source
abandon it and become either scouts or onlookers.

Such collective and highly-coordinated behavior of forager bees have been modelled in ABC
algorithm [13, 139, 140]. ABC algorithm also consists of same three categories of artificial
bees, i.e., scout, employed and onlooker bees. Each food source represents a feasible solution
to the problem under consideration, whereas its nectar content represents the fitness of the
solution. Each food source has an associated employed bee, i.e., the number of employed bees
is same as the number of food sources. Usually, but not always, the number of onlooker bees
are also taken to be equal to the number of employed bees. To start ABC algorithm, a fixed
number of solutions (food sources) are generated randomly, and each one of them is associated
with an unique employed bee. Hereafter, a search process is carried out iteratively until a
termination criterion is satisfied. Each iteration of this search process contains two phases which

are described as follows:

1. Employed bee phase: Each employed bee determines a solution in the neighborhood
of its currently associated solution. If the fitness of this new solution is better than its
currently associated solution, then it moves to this new solution, otherwise it continues
with the old one. The exact manner in which this neighboring solution is determined
varies from problem to problem and even for the same problem from one implementation
of ABC algorithm to the other. If the fitness of a solution does not improve for a certain
number of iterations (say l¢mit number of iterations), then it is assumed that this solution
is completely exploited. In this situation, employed bee associating with this solution
becomes a scout bee by discarding this solution. A new solution is generated for this
scout bee and its status is again changed back to employed. This new solution is usually

(but not always) generated in the same manner as an initial solution.

2. Onlooker bee phase: Once all employed bees complete the job of determining new
neighboring solutions, they start communicating the information about fitnesses of their
corresponding solutions with onlooker bees. Each onlooker bee selects a solution prob-

abilistically with the help of a probability based selection method. Generally, such a
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selection method prefers the high quality solutions over the poor ones, resulting in selec-
tion of high quality solutions by more and more number of onlooker bees. All onlooker
bees, like the employed bees, determine new solutions in the neighborhood of its selected
solution. Hereafter, among all new neighboring solutions determined by onlookers that
associate with a particular solution ¢ and solution ¢ itself, the best solution will be the new

solution 4. This phase completes when the new positions of all solutions are determined.

For a latest survey on different variations of ABC algorithm and their applications, interested

readers may refer to [141].

6.3.2 Proposed hybrid ABC approach

This section describes the salient features of our hybrid ABC approach for SMTSTP and
SMTSTP-R. We have used the same solution encoding and fitness function in our hybrid ABC
approach as used in our genetic algorithm. Each initial employed bee solutions is also generated
in the same manner as a member of the initial population in the genetic algorithm. Each
neighboring solution generated by ABC algorithm is improved through the same series of local
searches as in genetic algorithm. We have also chosen binary tournament selection method as
the probability based selection method for selecting a food source for each onlooker bee. Here

the candidate with better fitness is selected with probability pp;

6.3.3 Determination of a neighboring solution

Since SMTSTP and SMTSTP-R are permutation problems and ABC algorithm is a population-
based metaheuristic technique, therefore, to exploit the problem structure of this problem in the
framework of an ABC algorithm, two different methods are applied in a mutually exclusive way
to determine a new solution in the neighborhood of a solution. First method called multi-point
insert method [142] considers the idea of utilizing solution components (jobs) from another
solution [142, 143]. It is based on a simple observation that if a job is placed at a particular
position in a schedule of high quality, then there is a high possibility that this job would be
placed exactly at the same position or near to this position in many other high quality schedules.
Second method called 3 point swap (3PS) method [144] helps in avoiding a solution from getting
trapped in a local optima and also helps in exploring the search space. With probability p,ethods

multi-point insert method is applied, otherwise 3PS method is applied.
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1. Multi-point insert method: In order to determine a new solution (say Z) in the neighbor-

hood of the current solution (say X), another solution (say Y') is selected uniformly at

random. X and Y are compared, and in case they are found to be same, then we switch to

3PS method as multi-point-insert method will have no effect in this situation. If X and Y’

are not same then multi-point insert method is applied. This method initializes Z with

an empty schedule (all positions in the schedule are vacant). M P1,, different positions

are selected uniformly at random in Y, where M PI,, is a parameter to be determined

empirically. All jobs associated with these selected positions of Y are inserted exactly to

the same positions in Z. In order to fill the remaining vacant positions in Z, those jobs of

X that are not already in Z are sorted according to ascending order of their positions in

the schedule represented by X . Beginning at first vacant position in Z, vacant positions

are filled one-by-one by these jobs in their sort order. The value of M P1I,, should be

small (10-20%) in comparison to the total number of jobs, otherwise generated solution

will be quite far from the original solution X.

In order to better understand the multipoint insert operator, let us consider an example

where X ={1,3,2,5,7,4,6,8},Y ={2,1,4,5,3,7,8,6},and M PI, =2. Initially, Z

Suppose position 3 and 6 of Y got selected so jobs at these two positions in Y will be

copied to the corresponding positions in 7, i.e., Z={_, ,4, _, _,7,_,_} . Positions

1, 2,4,5,7 and 8 are still vacant. Those jobs in solution X that are still not in Z are

inserted into Z in the order 1, 3, 2, 5, 6, 8. So jobs 1, 3, 2, 5, 6 and 8 get inserted into £

at positions 1, 2, 4, 5, 7 and 8 respectively. So the new neighboring solution 7 is {1, 3, 4,

2,5,7,6, 8}.

2. 3 point swap method: In order to generate a solution Z in the neighborhood of a solution

X, this method creates a copy of X into Z. Then three positions in Z, say ¢, j and k,

are selected uniformly at random. The jobs in positions ¢ and j are swapped, and then

the new job in position ¢ is swapped with job at position k. 3 point swap (3PS) method

was proposed in [144] in the context of one-dimensional cutting stock problem. 3PS

generates a schedule which is at a distance of 2 from the original schedule if we measure

the distance between two schedules in terms of number of swap operations required

to convert one schedule to the other. In comparison to using only one swap, 3PS may

accelerate the search towards optimal.
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The pseudo-code of determining a new neighboring solution is given in Algorithm 6.2.

Algorithm 6.2: The pseudo-code of determining a new neighboring solution

1: Input: A solution X;

2: Output: A new solution Z in the neighborhood of X;

3: Select a solution Y randomly;

4: if ((wo1 < pPmethoa) N (X # Y)) then

5: Apply multi-point insert method to generate Z from X and Y;
6: else

7 Create a solution Z which is a copy of X initially;

8: Apply 3PS method on Z;

9: end if

10: return Z;

If the quality of a solution does not improve for some specified number of iterations, say
limit, then this solution is assumed to be completely exploited, and employed bee associated
with this solution abandons it to become a scout. In order to make this new scout bee again
employed a new solution need to be generated. However, instead of generating the new solution
randomly like an initial employed bee solution, we have employed 3PS method on the just
abandoned solution to generate the new solution. There are two reasons for doing this. First,
a new solution generated randomly is expected to have a much worse fitness in comparison
to a solution obtained by applying 3PS method on an existing solution, and as a result, a
randomly generated solution in general requires several iterations for its fitness to be at par with
a solution obtained through 3PS method. Second reason lies in efficiency. It is more efficient to
generate a solution through 3PS method than randomly generating it from scratch. limat is a
parameter whose value is determined empirically. This parameter plays an important role in
ABC algorithm, as it controls the intricate balance between exploration and exploitation. A
lower value of the limit favors exploration over exploitation, whereas the reverse is true for a
higher value of limit.

The pseudo-code of hybrid ABC approach is presented in Algorithm 6.3. In this algorithm,
FE and On are the number of employed bees and onlooker bees respectively. DNS(X) is a
function that determines a new solution Z in the neighborhood of the solution X and returns Z.
Pseudo-code for DNS(X) is given in Algorithm 6.2. Function BTSM(ey, es,...,er) implements
the binary tournament selection method. This function returns the index of the selected solution.

Hereafter, our hybrid artificial bee colony algorithm based approach will be referred to as

HABC, and the version of this approach where no local search is used will be referred to as
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Algorithm 6.3: The pseudo-code of hybrid ABC approach

1: Initialize FE solutions eq, e,...,6g;

2: best + Best solution € {eq,eq,...,eg};

3: while (Termination criteria is not satisfied) do

»

28:

for (i < 1to E)do
Z «+ DNS(e;);
Apply local search procedure on Z;
if (Z is better than ¢;) then
e — Z;

else if (¢; has not improved for limit iterations) then

Replace e; with a randomly generated solution;

end if
if ¢; is better than best then
best + e;;
end if
end for
for (i + 1to On) do
I; < BSM(ey,ea,...,eR);
Z; <~ DNS(ey,);
Apply local search procedure on Z;;
if (Z; is better than best) then
best +— Z;;
end if
end for
for (i + 1to On) do
if Z, is better than ey, then
er, < Zs;
end if
end for

29: end while

> Algorithm 6.2

> Algorithm 6.2

ABC.

6.4 Computational results

All the proposed approaches have been coded in C and executed on a Linux based system with

2.83 GHz Intel Core 2 Quad processor and 4 GB RAM. In our genetic algorithm, we have

used a population of 600 chromosomes. For crossover, first parent is selected with probability

Py = 0.8, whereas second parent is selected with probability P, = 0.7. Crossover is applied
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with probability P, = 0.65, otherwise mutation is used. When mutation is used, first mutation
operator is used with P,,,;; = 0.80, otherwise the second mutation operator is used. In the first
mutation operator, we have used P, = 0.90 and P; = 0.80, whereas Ngqp is set to 0.1 x n
in the second mutation operator. In case of artificial bee colony algorithm, we have used a
population of 50 bees with 25 employed bees and 25 onlooker bees, i.e., £ =25 and On = 25.
We have set pp; = 0.85, pmethod = 0.5, M PI, =0.2xn, and limit = 50. All these parameter
values are chosen after a large number of trials. Results obtained using these parameter values
are good on most of the instances, though these parameter values may not be optimal for all the
instances. We have set the termination condition in our genetic algorithm and ABC algorithm in
such a manner that they generate roughly the same number of solutions. Our genetic algorithm
terminates when the best solution has not improved over 300 x n iterations and it has been
executed for at least 30000 iterations. Our ABC algorithm terminates when the best solution has
not improved over 6 X n iterations and it has been executed for at least 611 iterations. It is to be
noted that our genetic algorithm being steady-state generates a single solution in an iteration,
whereas ABC algorithm generates fifty solutions in an iteration.

We have used the same test instances as used in [124] to test our approaches. These test
instances are divided into two sets, viz. Set I and Set II. Set I consists of instances with
number of jobs n € {10, 30,50, 100,200} and number of due dates m € {2,3,4,9}. Tseng
ad Chen [124] generated instances in Set I so that they have the similar characteristics as
the instances used in [130, 134, 145]. The processing time p;, release date r; and m due
dates in these instances are drawn from the uniform distributions U (1, 100), U(0,n x K1) and
U(rj+pj,r;+p; +n x Ka) respectively, where K and K’ are two parameters which can take
values in {5, 10, 20}. Tardiness increase for each due date of each job is drawn from U (1, 100).
For each combination of values of n, m, K; and K>, 10 instances were generated leading to a
grandtotal of 1800 instances in the Set I.

Set II contains instances with number of jobs n € {50,100, 150,200} and number of due
dates m € {3,4,9}. Tseng ad Chen [124] followed the procedures used in [146, 147] for gener-
ating Set IT instances. The processing time p; is drawn from the normal distribution N (1, 012,)
and tardiness cost in first late period w1 is drawn from normal distribution N (i, 02). The
release date r; is drawn from a uniform distribution U (0, n x K7), where K can be either 5 or
20. The first due date d;; is drawn from uniform distribution with mean 14 and range R;. jiq
and fu,, are set to 100 and 20 respectively in these instances. Remaining four parameters o, 0y,

g and Ry are specified indirectly in the form of following factors:
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Relative variation of processing times fi: :—i is set to 0.80.

Relative variation of tardiness costs fa: Z—Z is set to 0.80.

Tardiness factor f3: 1 — —£<4— is set to either 0.40 or 0.65.

nXpp

Relative range of due dates fy: 1 — Ra_ g set to either 0.30 or 0.80

nXpp

The time differences between various due dates are generated by multiplying a random number
K € ]0.1,0.25] with a uniform distribution with mean p4 and range R;. The cost differences
between stepwise tardiness are drawn from a normal distribution % X N (1, 02). All data are
rounded off to nearest integer. For each combination of values of n, m, fi, fo, f3, f1, K1 and
K, 10 instances were generated leading to a grandtotal of 960 instances in the Set II. Like the
approaches of [124], our approaches are also executed 10 independent times on each instance in
Set I and Set I

First, we compare the performance of GA, ABC, HGA and HABC approaches with EM
and PSO approaches of [124] for SMTSTP on Set I and Set II instances. For SMTSTP, release
dates of these instances are ignored and all jobs are assumed to be available for processing at
time zero. We have ignored other approaches presented in [124] in this comparison as their
results are even inferior. We have also ignored Set I instances with 10 jobs, as these instances
are too small for comparing the performance of metaheuristics. Table 6.1 compares these six
approaches on Set I, whereas Table 6.2 does the same on Set II. For each group of instances

with same n and m, these tables report the following for each of the six methods:

e Average percentage deviation (APD) in the quality of the best solution obtained by a
method with respect to the overall best solution among six methods over all the instances
in a group. Suppose the best solution obtained by a method M over 10 runs on a particular
instance is By, and By is the overall best solution obtained by any of the six methods
over their respective 10 runs on this instance, the percentage deviation in the quality of
the best solution obtained by method M on this instance is 100 x %. APD in the
quality of the best solution obtained by a method M is the average of these percentage

deviations over all the instances in the group.

e APD in the quality of average solution obtained by a method with respect to the best
average solution among six methods over all the instances in a group. Suppose the average

solution obtained by a method M over 10 runs on a particular instance is A, and Ap
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is the best average solution obtained by any of the six methods over their respective 10
runs on this instance, the percentage deviation in the quality of average solution obtained

by method M on this instance is 100 x %

. APD in the quality of the average
solution obtained by a method M is the average of these percentage deviations over all

the instances in the group.
e Average execution time (AET) in seconds over all the runs of all the instances in a group.

Results of EM and PSO approaches for each of the 10 runs on each instance were obtained
from C.-T. Tseng through personal communication, and we have processed these results to get
various APD and AET values.

Tables 6.1 and 6.2 clearly show the superiority of our approaches over EM and PSO in terms
of best and average APD values. Even the results of our approaches without local search, viz.
GA and ABC are much better when we compare their best and average APD values with those
of EM and PSO. Among all the six approaches, HABC performed the best followed by HGA.
For Set 11, the performance of HGA is also quite close to HABC. However, this is not the case
for Set I. For Set I, even ABC performs better than HGA on some groups of instances with
200 jobs. If we compare GA with HGA and ABC with HABC, it can be clearly seen that the
use of local search enhances the solution quality, but at the expense of increased computation
times. As far as the comparison of AET values are concerned, EM and PSO approaches were
executed on a system with 2.83 GHz Intel Core 2 Quad processor and 2 GB RAM, whereas our
approaches are executed on a system with slightly different configuration, viz. 2.83 GHz Intel
Core 2 Quad processor and 4 GB RAM. Even with this slight difference in configuration, we
can safely say that GA, ABC, HGA and HABC approaches are several times faster than EM
and PSO. ABC is faster than GA and HABC is faster than HGGA.
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Now, we compare the performance of HGA and HABC for SMTSTP-R on Set I and Set
II instances. On Set I instances with 10 jobs, both of our approaches obtained the optimal
solution in all 10 runs of all the instances. Therefore, results of these instances are not reported.
The optimal solution of these instances were obtained from C.-T. Tseng through personal

communication. These optimal solutions were found using exhaustive enumeration [124].

Table 6.3: Comparison of HGA and HABC for SMTSTP-R on Set I instances

nxm EM PSO HGA </=/>HABC
APD ATA APD ATA Best Avg.

Best Avg. (Sec.) Best Avg. (Sec.) < = > < = >
30x2  0.09 0.38 0.22 0.00 0.01 0.11 00 84 6 39 43
30x3  0.04 0.21 0.25 0.03 0.01 0.12 10 84 5 43 41
30x4 0.06 0.22 0.27 0.01 0.01 0.14 2 81 7 42 44
30x9 0.03 0.06 0.36 0.00 0.01 0.22 0 87 3 10 54 26
50x2 033 0.60 0.34 0.02 0.02 0.20 4 50 36 9 3 78
50x3 0.15 047 0.38 0.01 0.00 0.23 4 56 30 5 79
50x4 0.18 049 0.42 0.01 0.01 0.26 5 53 32 8 2 80
50x9 0.09 0.21 0.64 0.00 0.00 0.42 3 68 19 10 8 72
100x2 0.71 1.13 1.45 0.03 0.00 0.87 7 5 78 1 0 89
100x3 0.70 1.05 1.67 0.01 0.00 1.03 3 3 84 0 0 90
100x4 0.53 0.81 1.89 0.01 0.00 1.16 5 81 1 0 89
100x9 0.27 0.55 3.11 0.01 0.00 1.91 8 10 72 0 0 90
2002 1.79 2.62 6.14 0.00 0.00 5.23 1 0 89 0 0 90
200x3  1.54 226 7.24 0.00 0.00 6.26 0 0 90 0 0 90
200x4 1.35 1.86 8.06 0.00 0.00 6.90 1 0 89 0 0 90
200x9 0.83 1.20 13.81 0.00 0.00 11.85 6 1 83 0 0 90
Overall 0.54 0.88 2.89 0.01 0.00 2.31 50 586 804 63 196 1181

Table 6.3 and Table 6.4 compare HGA and HABC for SMTSTP-R on Set I and Set II
instances respectively. In addition to reporting APD and AET values, we have also reported the
number of instances on which HGA is better (<), equal (=), or worse (>) than HABC in terms of
best and average solution quality obtained over 10 runs. Please note that there are 90 instances
in each group of instances having same n and m in Set I and 80 instances in each group having
same n and m in Set II. These tables clearly show the superiority of HABC over HGA in terms

of solution quality and running time both. Again, the performance of HGA is more close to
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HABC on Set II instances than on Set I instances.

Table 6.4: Comparison of HGA and HABC for SMTSTP-R on Set II instances

nxm EM PSO HGA </=/>HABC

APD ATA APD ATA Best Avg.
Best Avg. (Sec.) Best Avg. (Sec.) < = > < = >
50x3 0.00 0.05 0.33 0.00 0.01 0.20 1 78 1 13 27 40
50x4 0.02 0.06 0.37 0.00 0.01 0.24 0 75 5 16 23 41
50x9 0.01 0.05 0.59 0.00 0.01 0.43 1 72 7 17 23 40
100x3  0.02 0.05 0.95 0.00 0.02 0.58 2 66 12 24 5 51
100x4 0.01 0.04 1.09 0.00 0.01 0.69 1 70 9 28 5 47
100x9 0.01 0.04 2.15 0.00 0.01 1.39 4 57 19 22 4 54
150x3  0.03 0.03 2.13 0.01 0.02 1.47 6 47 27 38 2 40
150x4  0.02 0.03 2.48 0.00 0.02 1.69 3 54 23 34 1 45
150x9  0.02 0.02 4.98 0.00 0.01 3.53 11 39 30 35 1 44
200x3  0.02 0.02 3.83 0.01 0.03 2.86 12 47 21 51 0 29
200x4  0.02 0.02 4.50 0.01 0.02 3.35 12 45 23 51 1 28
200x9 0.02 0.01 9.40 0.01 0.01 6.89 22 26 32 48 0 32
Overall 0.02 0.03 2.73 0.00 0.01 1.94 75 676 209 377 92 491

6.5 Conclusions

This chapter presented two hybrid metaheuristic approaches, viz. a genetic algorithm and an
artificial bee colony algorithm for SMTSTP and SMTSTP-R. The solutions obtained through our
metaheuristic approaches were improved further by a series of local searches. To the best of our
knowledge, our approaches are the first metaheuristic approaches for SMTSTP-R. For SMTSTP,
computational results established the superiority of our hybrid approaches over state-of-the-art
approaches available in the literature in terms of solution quality and running time both. For
SMTSTP-R, as no other metaheuristic approach exists, we have compared our two hybrid
approaches and found that hybrid artificial bee colony algorithm based approach outperformed

the hybrid genetic algorithm based approach in terms of solution quality and running time both.
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Chapter 7

Registration Area Planning Problem

7.1 Introduction

In the last two decades the popularity of wireless network, particularly, cellular wireless networks
has increased manifolds. The mobility of wireless devices within the network facilitated the
user to remain connected with their personal and business activities all the time in an affordable
price. This attracted a huge number of users to use these devices. This leads to an increased
burden on the limited communication bandwidth available to the cellular wireless networks
[148]. Actually, in cellular-based wireless communication networks, the wireless network is
divided into contiguous geographical regions called cells and all mobile users must be located
in one of these cells in order to remain connected with the network. Each cell is served by a
base station, which is responsible for providing services to all mobile devices within that cell.
A basic idea for utilizing the available bandwidth efficiently is to decrease the size of cells in
the network which enables increased reuse of frequency among cells that are sufficiently far
apart. But this increased reuse of frequency also increases the total number of control functions
that a network has to perform in order to provide connectivity to all mobile devices using that
network. This is due to the fact that as the cell size decreases, the number of cells needs to be
increased for covering the same area. As a result, the number of mobile devices moving from
one cell to another increases. Therefore, it has been always motivating for the researchers to
design efficient mobility management schemes.

One such scheme, partitions all the cells of the network into clusters called registration areas
(RAs). Each registration area (RA) consists of cells belonging to a contiguous geographical

region. In this scheme whenever a mobile device is called, the exact cell in which the called
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mobile device is presently located is determined using a two stage function called location
function. In the first stage, the location function determines the RA in which the called device is
located, and in the second stage, the exact cell in this RA [149]. To implement this scheme, a
centralized location database is maintained which keeps track of the current RA for each mobile
device. This database is updated using a location update function whenever a mobile device
migrates from one RA to another to reflect the new location of this mobile device. Whenever
a mobile device is called, the RA in which the called device currently resides is determined
first by accessing the location database. After that a process called paging determines the exact
cell within the determined RA where the called device is located. During paging, all the base
stations within the determined RA make an attempt to establish the connection with the called
device. The called mobile device responds to the base station closest to it, thereby identifying
the cell in which it currently resides. So the process of locating a mobile device generates
quite a lot control traffic. The cost or efficiency of a location function depends on the amount
of control traffic generated which in turn depends on the manner in which RAs are designed,
i.e., the grouping of cells into RAs impacts significantly the costs incurred in location update
(update cost) and paging (paging cost). The sum of update cost and paging cost is known as the
location cost. The registration area planning problem (RAP) seeks a partitioning of cells into
RAs that minimizes the total location cost. The RAP problem is NP-hard because the graph
partitioning problem, which has been proved NP-hard in [57], reduces to it in polynomial time
[74]. The update cost is proportional to the number of mobile devices moving from one RA
to the other. The paging cost of an RA is proportional to the number of incoming calls to the
mobile devices currently residing in that RA. When the size of RAs decreases, the paging cost
also decreases, but the update cost increases. On the contrary, when the size of RAs increases,
the paging cost increases, but the update cost decreases. If we have only one cell in each RA
then paging cost is zero, but the update cost is highest. On the other hand, if only a single RA
encompasses the whole network then update cost is zero, but paging cost will be highest. Hence,
these two costs are inversely related and any strategy for partitioning the cells into RAs has to
perform a balancing act between these two costs. However, as pointed out in [150, 151], these
two costs are incomparable and any attempt to assign relative weights to these two costs will
also be in vain as these weights show lots of variation from one part of the network to the other
and from one network to the other. Therefore, standard practice in the literature is to include the

paging cost in the constraints and minimize the update cost. As a result, RAP problem reduces
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to the problem of partitioning the cells into RAs in such a manner that minimizes the update
cost without violating the paging bound of any of the RAs.

In the literature, a number of heuristics and metaheuristics have been proposed for the
RAP and other related problems. Gamst [152] developed a graph theory based model to
represent registration area planning and presented a greedy approach to solve it. But this greedy
approach, in general, provided solutions far from the optimal. Markoulidakis and Sykas [153]
proposed a model based on estimating hand-off and location update rates. It was related to
subscriber crossing rates at the boundaries of RAs and cells. They used real data to check
their model. Plehn [154] introduced a weighted greedy algorithm and showed the proposed
algorithm to be better than the previously proposed approaches. Bejerano and Cidon [155, 156],
Biesterfeld and Jobmann [157] worked on the concept of incorporating location prediction with
the location management scheme. Bhattacharjee et al. [158] worked on two approaches called
sequential intelligent paging (SIP) and parallel-to-sequential intelligent paging (PSIP), and used
an occupancy probability vector to find out the cells to be paged out. These approaches were
capable of reducing the paging signalling load, however, this reduction comes at the cost of extra
processing power. Later, Bhattacharjee ef al. [159] presented a two-stage solution approach that
considers recurring costs and hybrid costs. The first stage tries to minimize the recurring costs
defined as the partitioning of cells into location areas in such a way that it attempts to minimize
the location update and paging cost, whereas second stage related to hybrid costs or network
planning factors involve in handling hand-off costs between switches and cabling from the base
station to the switch. Bhattacharjee er al. [160] also worked on integrating estimation of the
RA boundary with identification of the cells in an RA. Wan and Lin [90] introduced a dynamic
paging scheme that is based on movement information of an individual rather than a group
of portables. This scheme relaxes the real-time location tracking to semi-real-time to balance
the reduction in cost with ease of use. Bejerano ef al. [161] developed a polynomial time
approximation algorithm for the minimum bandwidth location management. Their algorithm
based on relaxing the integrality constraints in their integer programming formulation is capable
of finding a solution that is a lower bound on the optimal solution. A near optimal solution is
obtained by rounding the fractional decision variable values.

Among the metaheuristics, a tabu search method [162], simulating annealing methods
[150, 151, 162, 163] and genetic algorithms (GAs) [74, 162, 164] were developed for solving
the RAP problem. A genetic algorithm was presented in [165] to solve a related problem of

assigning cells to switches in the design phase of cellular wireless networks. Shyu et al. [84]
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developed an ant colony optimization based approach to a related problem called cell assignment
problem where cells are partitioned to minimize a hybrid cost comprising hand-off and cabling
costs.

Since RAP is a grouping problem, Vroblefski and Brown [166] and James ef al. [167]
developed grouping genetic algorithms for the solving the RAP problem. Both these GAs are
based on grouping genetic algorithm proposed in [30] and have several common features such
as initial population generation, crossover, selection method of parents for crossover. Both GAs
use the rank-based roulette wheel selection method and employ two point crossover designed by
Falkenauer for grouping problems. However, the mutation was used in [166], whereas it was
not used in [167]. In addition, [167] used a local search method, i.e., improvement operator to
further improve the solution quality. Throughout this chapter, generational genetic algorithm
of [167] without local search will be referred as GGA and with local search will be referred as
HGGA, and the generational genetic algorithm of [166] will be referred as GGARAP.

In this chapter, we present another hybrid grouping genetic algorithm, i.e., a steady-state
grouping genetic algorithm (SSGGA) for the RAP problem. Solution encoding, selection
method, genetic operators, viz. crossover and mutation, population replacement policy applied
in SSGGA are all different from those of GAs of [166] and [167]. We have also applied a local
search to further improve the solution quality of certain selected solutions obtained by SSGGA.
We have compared SSGGA with GGA, HGGA and GGARAP. Computational results clearly
show the benefit of our approach, especially on large instances over these approaches in terms
of solution quality and execution time both.

The rest of this chapter is organized as follows: Section 7.2 formally defines the RAP
problem. Section 7.3 describes SSGGA for the RAP problem. Section 7.4 reports and analyzes

the computational results. Finally, Section 7.5 outlines some concluding remarks.

7.2 Problem definition

In this section, we follow the same notational conventions as used in [166] and [167] for defining
the RAP problem formally. Suppose P B is the paging bound for any RA, i.e., the maximum
number of incoming calls allowed to any RA per unit of time and page; is the average number
of incoming calls to cell ¢ per unit of time. Also, suppose the average number of wireless
devices crossing the boundary between cells 7 and j per unit of time is denoted by w;;. The

location update cost is proportional to the number of wireless devices crossing RA borders. The
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RAP problem seeks a partition of cells into RAs that minimizes the location update cost for the
network while satisfying the paging bound for each RA and preset constraints, if there is any.
Each preset constraint dictates a pair of cells to be either always in the same RA or always in
the different RAs. Actually, preset constraints arise from practical considerations. For example,
if a pair of adjacent cells have a very high frequency of devices crossing the boundary between
them, then the two cells belonging to this pair need to be together in the same RA. On the other
hand, future expansion plans may force the two cells to be always in different RAs. We have
represented preset constraints by v;;s in our formulation. v;; = 0 in case cells 7 and j have to
be together in the same RA, v;; = 1 in case they have to be accommodated in different RAs,
and v;; = * otherwise. We have also made use of binary variables x;, to indicate whether cell 7
belongs to RA 7 (zj = 1) or not (z;, = 0) and binary variables y;; to indicate whether cells i
and j are in the same RA (y;; = 0) or not (y;; = 1). Finally, assume NV represents the number
of cells in the network and K represents the number of RAs in a solution. With the help of these

notational conventions, the RAP problem can be formally defined as follows:

N-1 N

Minimize Cost = Z Z Yij Wij (7.1)
i=1 j=i+1
subject to
inrpagei <PB, r=1,...,k (7.2)
i
Yij = vij, Vv =0 or 1 (7.3)
yij =1=> @iz, ,j=1,...,N (7.4)
T
> wp=1 i=1,...,N (7.5)
T

zir € {0,1} (7.6)

Equation (7.1) is the objective function of the RAP problem that seeks to minimize the total
location update cost. Equation (7.2) enforces the constraint that the total paging cost of each

RA should not exceed the given paging bound PB. Preset constraints, if any, are enforced by
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Equation (7.3). Equation (7.4) ensures that y;; = 0 if cells ¢ and j are in the same RA, otherwise
y;j = 1. Equation (7.5) enforces the constraint that each cell must belongs to one and only one
RA. Equation (7.6) restricts variables x;, to binary values, i.e., 0 & 1 only. Preset constraints are
considered by [166] in their problem formulation. On the other hand, [167] ignored the preset

constraints altogether.

7.3 Steady-state grouping genetic algorithm for RAP problem

Our approach is combination of steady-state grouping genetic algorithm (SSGGA), repair
heuristic and the local search. The salient features of our SSGGA approach for RAP are

described in subsequent subsections.

7.3.1 Chromosome representation

We have adapted the representation scheme used in [31] for the one-dimensional bin-packing
problem to the RAP problem. Each solution in this scheme is represented as a set of non-empty
RAs in the network, and each RA itself is a set of cells. There is no ordering among RAs in a
solution and also no ordering among cells belonging to the same RA. In a solution, each and
every cell is assigned to exactly one of the RAs. Number of cells in an RA can vary from one RA
to the other and number of RAs can vary from one solution to the other. For example, suppose a
solution for a network, comprising 10 cells, consists of three RAs where cells 1, 3 and 9 belong
to one RA, cells 2, 4 and 7 belong to another RA, and cells 5, 6, 8 and 10 belong to yet another
RA. This solution is represented as { {1, 3, 9}, {2, 4,7}, {5, 6, 8, 10} }. With such a scheme
there is no redundancy, i.e., each solution is represented uniquely. The representation schemes
used in [166] and [167] suffer from the problem of redundancy as a numbering of different RAs
present in the solution is arbitrary, i.e., interchanging the numbers assigned to two RAs in group
part and accordingly changing the numbers assigned to their respective cells in the cell part will
not change the solution represented, so a solution can be represented in more than one way.
Moreover, our genetic operators, viz. crossover and mutation are designed in such a manner
so that the child solution obtained after their application does not depend on the ordering among
RAs in the parent solution(s). As the genetic operators used in [166] and [167] are based on the
standard genetic operators presented by [29] for grouping problems, the child solution obtained
after the application of these genetic operators does depend on the ordering of RAs in the parent

solution(s).

157



7. REGISTRATION AREA PLANNING PROBLEM

7.3.2 Fitness

Fitness function used in our genetic algorithm is same as the objective function of the RAP
problem (Equation (7.1)). Hence, a solution is considered to be more fit than the other, if it has
a lesser value in comparison to other as per the objective function. fitness(S) function returns

the fitness of the solution S.

7.3.3 Crossover

Our crossover operator is inspired by the crossover operator presented in [31] for one dimensional
bin packing problem. Our crossover operator starts with an empty child, and, then an iterative
process follows. During each iteration, one of the two parents is selected uniformly at random
and most tightly filled connected RA in the selected parent is deleted from it and copied to
the child. Cells belonging to the just copied RA are also deleted from various RAs of other
parent. By a most tightly filled connected RA, we mean an RA that has the maximum sum
total of average number of incoming calls per unit of time to its constituent cells and any cell
belonging to this RA is adjacent to at least one more cell belonging to this RA. If no connected
RA exists in the selected parent then iterative process moves to the next iteration. Anyway,
iterative process is repeated for a maximum of min(Ry, Ra) — Rjcf+, where Ry and Ry are the
number of RAS in two selected parents p; and po respectively and [, f; is some fixed constant.
Here, the purpose of Rj.r; is to always leave some cells unassigned. Clearly, our crossover
operator tries to preserve as far as possible the best RAs while creating child solution. It is
pertinent to mention here that RAs consist of contiguous geographical regions and that is why
only connected RAs are transferred to the partial child solution.

After our crossover operator, some cells are left unassigned in the generated child. Such
left out cells are assigned to the child solution with the help of repair heuristic (Algorithm 7.3).
The pseudo-code of crossover operator is given in Algorithm 7.1, whereas Figure 7.1 explains
the process of generating a child solution through the crossover operator with the help of an
example.

With the help of Figure 7.1, we illustrate our crossover operator. In this figure, each hexagon
represents a cell and the number inside the cell represents the index of that cell. In the 19
cell network shown, each cell number and the neighbours of each cell are assigned through
the H-mesh [168] construction method. PC means paging cost for corresponding cell, and PB

means paging bound for an RA. First of all, the figure shows the two parents Parent I and Parent
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Algorithm 7.1: The pseudo-code of crossover operator

1: csol « ¢;
2: n <+ min(Ry, R2) — Ricses
3.1+ 1;
4: while (: <n)do
5: Generate a random number 1«01 such that 0 < w01 < 1;
6: if (u01 < 0.5) then
7: if (A connected RA exists in py) then
8: Select the most tightly filled and connected RA 7 from parent p;;
9: p1 < p1—{rh
10: Delete the cells belonging to RA 7 from various RAs of parent ps;
11: end if
12: else
13: if (A connected RA exists in p3) then
14: Select the most tightly filled and connected RA r from parent po;
15: p2 < p2 —{r};
16: Delete the cells belonging to RA 7 from various RAs of parent py;
17: end if
18: end if
19: esol + csol U{r};

20: 141+ 1;
21: end while

22: return csol;

2 selected through binary tournament selection (BTS) method. Suppose grouping of cells into

RAs in two parents are as follows.

Parent I: RA;={4,5}, RA»=1{2,3,9, 11, 12,13, 18}, RA3= {10} RA4= {16}, RAs=
{0,1,6,7,8, 14, 15, 17}

Parent 2: RA= {5, 12}, RAy= {0, 3,4, 10, 11, 17, 18}, RA3= {14} RA,= {2}, RAs=
{1,6,7,8,9, 13, 15, 16}

RAs in these two parents are numbered for the sake of illustration only, otherwise, there
is no ordering among RAs. Suppose at stage 1, Parent 2 is selected at random, and the most
tightly filled connected RA of it viz. RAj is selected and added to the child solution. Now, RAs

is removed from Parent 2, and all the cells which belong to this RA are removed from Parent
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Cell Index : 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Cell PC :97 101 95 108 105 108 93 92 96 97 102 108 95 103 96 98 84 107 96
RA PB : 800

Suppose Rieft= 2, then n = min(5,5) - Riet = 3
Parent 1 Parent 2 Child

SIS B
CHOLD ¢o§3

Suppose Parent 2 is selected at stage 1

b

Suppose Parent at stage 3

)
:?3

Figure 7.1: Creation of child chromosome from parents using crossover operator

1. In the Figure 7.1, dotted cell indicates that this cell has been removed from corresponding
RA. At stage 2, suppose Parent 1 is selected. Here the most tightly filled connected RA is RA;,
because RA; and R A5 became disconnected after stage 1. Finally at stage 3, suppose Parent 2
is selected, and R Ay which is most tightly filled connected RA is copied to the child. As n = 3,
the crossover stops after this stage.

Our crossover operator can be considered as an extension of the uniform crossover operator

for grouping problem which uses greedy criterion while choosing RAs, whereas crossover
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operator used in [166] and [167] is a traditional 2-point crossover designed by [29] for grouping
problems. We have already discussed the advantages of uniform crossover over traditional 1- or

2-point crossover in Chapter 1.

7.3.4 Mutation

Our mutation operator starts by deleting all the singleton RAs (RAs having only one cell) in the
parent solution. After that 25% RAs from remaining RAs are chosen uniformly at random and
deleted from parent solution. Now, remaining RAs are copied to the child solution. Obviously,
this will leave many cells unassigned in child solution. Such left out cells are reassigned with
the help of repair heuristic.

Our genetic algorithm uses crossover and mutation in a mutually exclusive way, i.e, during
each generation either crossover is used or mutation is used, but not both. Crossover is used
with probability 7., otherwise mutation is used. The reason for this decision lies in the fact that
from their very design crossover and mutation are complimentary. Whereas crossover tries to
pass, as far as possible, good RAs from parents to child in a bid to create high quality solution,
mutation disregards quality of an RA while deleting it in a bid to generate a diverse solution. If
both are used together one after the other then it is highly likely that the resulting solution has

neither high quality nor has sufficient diversity.

7.3.5 Selection of parent(s)

A single parent for mutation and two parents for crossover are selected with the help of binary
tournament selection method where the candidate with better fitness has the probability of
selection 7. A copy of the solution selected is created, and this copy is used as a parent in

mutation or crossover as the case may be.

7.3.6 Replacement policy

We have adopted steady-state population model [21] for our genetic algorithm. In this model,
during each generation a single solution is generated which is checked for uniqueness against the
existing solutions in the population. If the newly generated solution is different from all existing
population members, then it is included into the population by replacing the worst solution of
population, otherwise this newly generated solution is discarded. This is quite different from the

traditional generational replacement strategy used in [166] and [167] where the entire parent

161



7. REGISTRATION AREA PLANNING PROBLEM

population is replaced during each generation with an equal number of newly created child

solutions.

7.3.7 Initial population generation

Our initial solution generation method is a modified version of the initial solution generation
method used in [167]. In [167], for GGA each initial solution which contains some RAs whose
paging level are less than or equal to half of the paging bound, is passed through the repair
operator which tries to reassign the cells of such RAs into other RAs who can accommodate
them. Additionally, in case of HGGA, each initial solution is passed through the improvement
operator in order to further improve the solution quality. But in our method, we have not applied
repair operator and improvement operator on generated initial solution. Actually, the manner in
which an initial solution is generated, repair operator can never improve it. Hence, applying
repair operator to an initial solution was a mistake in [167] which unnecessarily increases the
computational burden. We have also observed that applying improvement operator on initial
population leads to a significant decrease in diversity of initial population, and hence we decided
against its use on initial population.

Each initial solution is generated by an iterative process. Initially, we start with an empty
solution, /g, and a set C' of unassigned cells contains all the cells. During each iteration, a cell is
picked uniformly at random from C and an RA is created containing that cell. Neighbouring
unassigned cells of this cell is determined and added to an empty set, say U. One of the cells,
which can still fit into this RA without violating any constraint is deleted from U and added into
this RA. Unassigned neighbours of this newly added cell are added to U. Again, One of the cells
which can still fits into the RA without violating any constraint is deleted from U and added
to this RA. This process continues till either it is not possible to add any more cells from U to
RA without violating any constraint or U becomes empty. After that, another iteration begins.
This process which creates a new RA during each iteration continues till set of unassigned cells
becomes empty, i.e., all cells are assigned. Basically an unassigned cell has to satisfy three
constraints before it can be added to the RA. First, it should be adjacent to at least one cell in
the RA. Second, the paging level of RA should not exceed the paging bound after addition of
the cell to the RA. Third, addition of the cell should not violate any preset constraints (if any).
As we always add a cell from U which is the set of those unassigned cells which are adjacent
to at least one cell in RA under construction, so first constraint is automatically taken care of.

However, we need to explicitly ensure the second and third constraints.
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Each newly generated solution is checked for uniqueness against the initial population
members generated so far, and if it is unique, then it is included in the population, otherwise it is
discarded. The pseudo-code for generating an initial solution is given in Algorithm 7.2, where

random(C) is a function that returns a cell from the set C' randomly.

Algorithm 7.2: Pseudo-code for generating an initial solution
> I, is the new initial solution to be generated

> Np[c] gives all the neighbourhood cells of cells ¢

1. Iy + @,

2: r <+ 0;

3: while (C # 0) do

4: U + &;

5: r<—r+1;

6: RA, « O,

7: ¢ < random(C);

8: RA, + RA, U {c};

9: PC(RA,) + PC(c);

10: U<+ {Np[e] nCY;

11: C + C\{c};

12: while (U # ® and PC(RA,) < PB) do
13: ¢ < random(U);

14: if (PC(RA,) + PC(c) < PB) then
15: RA, + RA, U{c};

16: PC(RA,) + PC(RA,) + PC(c);
17: C + C\{c};

18: U« U\{c};

19: U+ UU{Ne]nC};
20: else
21: U+ U\{c};
22: end if
23 end while

24: I, «+— I, URA,;
25: end while
26: return /,;

7.3.8 Repair heuristic

Both the genetic operators viz. crossover and mutation leave some cells unassigned in the

newly generated offspring. Repair heuristic assigns these left out cells to the newly generated
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Algorithm 7.3: Repair heuristic
> S is a solution in which cells to be assigned

> C is a set of cells in the network
> N, [c] gives all the neighbourhood cells of cells ¢

1: Wy« C -5,

2: while (W, # ()) do

3: U, + o,

4: ¢ < random(Ws);

5: r < best_ra(c, S);

6: r+«rUJ{ch

7: PL(r) + PL(r) + PC(c);

8: Wy +— Wi\{c};

9: U, + Nyl N Wg;

1. while (U, # 0 and PL(r) < PB)do
11: ¢ < random(Uy,);

12: if (PC(r) + PC(c) < PB) then
13: r<rU{ch

14: PL(r) < PL(r) + PC(c);
15: Wy < Wi\{c};

16: U, + Ux\{c};

17: U, < U, UN,[c]NWj;

18: else

19: U, < Up\{c};
20: end if

21: end while
22: end while
23: return S;

offspring S. However, it begins by deleting all singleton RAs, if there exists any, from .S and
then computing the set of unassigned cells Ws. After this an iterative process ensues. During
each iteration, an unassigned cell c is selected uniformly at random from W and assigned to
an RA r that has at least one cell adjacent to c and where c fits the best without violating any
constraints, i.e., where gap left between current paging level and paging bound after assignment
is smallest and no preset constraint, if there is any, gets violated. If no such RA exists then a
new RA r initially containing only c is created and added to the solution. After that all those
unassigned neighbouring cells of ¢, whose paging cost is less than or equal to the difference
between current paging level of r and paging bound are added to a set say U,. All cells in U,

are tried one-by-one in some random order for insertion into r. If any cell from U,, gets inserted
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into r then all its unassigned neighbouring cells are also included into U,,. All cells in U, are
now rechecked to determine whether they can still fit in r. If a cell can no longer fit into 7,
then it is removed from U,,. This process continues till U,, becomes empty. After that another
iteration of the repair heuristic starts. This iterative process continues as long as not all cells are
assigned, i.e., as long as Wy is non-empty.

The pseudo-code of repair heuristic is given in the Algorithm 7.3 where random(U,) is
a function that returns a cell of the set U,, randomly and PL(r) gives the current paging level
of RA 7. best_ra(c, S) is another function that returns an RA 7 in solution .S where c fits best
without violating any constraint as discussed in the previous paragraph. If no such RA exists
then a new RA containing single cell ¢ is created and added to .S by this function which also

returns this newly added RA.

7.3.9 Local search

To further improve the solution quality after application of genetic operators, a local search is
applied. Our local search is a modified version of improvement operator of [167]. Local search
follows an iterative process. Each iteration of local search begins by determining all the current
border cells (a cell which shares the border with at least one cell belonging to another RA is
called a border cell) in the solution under consideration. All the border cells are tried for possible
movement to the neighbouring RAs and a feasible move that reduces the cost of the solution by
maximum amount is performed. Movement of a cell from its current RA to its neighbouring RA
is considered feasible if it respects all the constraints, viz. the paging level of RA r in which cell
will be added must be less than or equal to paging bound after addition, the RA from which the
cell will be moved must remain connected after movement and no present constraint, if any, gets
violated in the process. If there exists no feasible move that can reduce the cost of the solution
then local search stops, otherwise another iteration of local search begins. We have allowed our
local search to execute for a maximum of M ax;; iterations. The pseudo-code of local search is
given in Algorithm 7.4. In Algorithm 7.4, the function Border_cell(S) returns all the border cells
of solution S and Best_move(br,.) returns the best feasible move from all the border cells br..
As mentioned in the previous paragraph our local search is a modified version of improve-
ment operator used in [167]. Here we will highlight the difference between our local search
and improvement operator. In [167], improvement operator is applied till no improving move
is possible whereas our local search is applied for a maximum of M ax;; iterations. To block

the reverse movement of border cells which are moved in recent iterations, a tabu list was used
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Algorithm 7.4: Local search(S)
> S is solution on which local search to be applied
14+ 1;
Nf +— 0;
Cy + fitness(S);
br. < Border_cell(S);
by, < Best_move(br.);
Ny« fitness(bm);
while (i < Max;;) do
if (Ny < Cy) then
S < by
11+ 1;
C F N fs
else

R A U R ol -

—_ = =
W N = O

return S;
end if
br. < Border_cell(by,);
by, < Best_move(br.);
17: Ny + fitness(bp,);
18: end while
19: return S;

—_ = =
A A

in the improvement operator. Only those border cells are considered for movement which are
not in the tabu list. Our local search does not use any tabu list and reverse movement of cell
is possible without any restriction. In [167], each initial solution and generated offspring is
passed through the improvement operator, whereas our local search is applied only on a solution
obtained after application of genetic operators and that too when the difference of fitness of this
solution and the fitness of the best solution found so far is less than or equal to /M times the
fitness of the best solution found so far. As mentioned already, we did not use local search while
generating initial population because of diversity considerations. All these modifications reduce
the proportion of time spent on local search while executing our approach.

The pseudo-code of our SSGGA approach for the registration area planning problem is
given in Algorithm 7.5, where Crossover() operator returns the solution as per Algorithm 7.1,
Mutation() operator is used to maintain diversity in the population and explained in Section 7.3.4,
Repair() operator repairs the child solution as per Algorithm 7.3 and the Local search() function

returns the solution by using Algorithm 7.4.
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Algorithm 7.5: The pseudo-code of grouping genetic algorithm for RAP

1: Generate initial population;

2: By < Best solution of initial population;
3: fp,.,, < fitness(Bso);
4: while (Termination condition does not hold) do

5 Generate a random number 701 such that 0 < r01 < 1;
6 if (r01 < 7.) then
7: Select two parents p; and ps with the help of binary tournament selection method;
8 Cs < Crossover(pi,p2);
9 else
10: Select a parent p with the help of binary tournament selection method;
11: Cs < Mutation(p);
12: end if

13: Cs < Repair(Cy);
14: fe. < fitness(Cy);
15: if ((meL . sz) < (stol X IM)) then

16: Cs < Local search(Cs);

17: fo. « fitness(Cs);

18: end if

19: if (C is different from current population members ) then
20: Replace worst member of population with Cs;

21: if (fcb, < fBSol) then

22: By + Cs;

23: [Boo < feus

24: end if

25: end if

26: end while
27: return B,,;

7.4 Computational results

In this section, we present the computational results of three versions of our steady-state
grouping genetic algorithm (SSGGA) for the registration area planning (RAP) problem and
compare them with those of three different genetic algorithms proposed in [166] and [167].
We have implemented our SSGGA versions in C language and executed them on a Linux
operating system based computer with Intel core 15-2400 processor and 4GB RAM.
gcc 4.6.3-2 compiler with O3 flag has been used to compile the C programs for different
SSGGA versions. With all the three SSGGA versions, we have used a population of Pop = 400

solutions, the probability of selection of a better solution in binary tournament selection my; is
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set to 0.9, crossover probability 7. is set to 0.8 (hence mutation is used with probability 0.2
as crossover and mutation are used mutually exclusively), Rj.s; in crossover operator is set
to 2, Maxy and I M in local search are set to 6 and 0.02 respectively. All these parameter
values have been chosen empirically after a large number of trials. These parameter values
provide good results on all instances, though they may not be the optimal parameter values for
all instances.

As GGARAP of [166] considered the preset constrains, did not employ any improvement
operator and generated 6000 solutions in each run. In order to compare our SSGGA approach
with GGARAP, we have also considered the preset constraints, did not apply the local search
and allowed our genetic algorithm to generate 6000 solutions only. Hereafter, this version of
SSGGA approach, which considers preset constraints, does not use local search and terminates
after generating 6000 solutions, will be referred to as SGGARAP. On the other hand, GGA
of [167] ignored the preset constraints, did not apply the improvement operator and generated
10000 solutions in each run. The corresponding SSGGA version that ignores preset constraints,
does not use local search and terminates after generating 10000 solutions will be referred to as
SGGA hereafter. Whereas HGGA approach of [167] ignored the preset constraints, but uses the
improvement operator which is described already. HGGA also generated 10000 solutions in each
run. The corresponding SSGGA version that ignores preset constraints, uses the local search and
generates 10000 solutions will be referred to as SGGA_LS in the sequel. Like GGARAP, GGA
and HGGA, all the three SSGGA versions (SGGARAP, SGGA and SGGA_LS) are executed 10
independent times on each instance considered in this chapter.

Due to unavailability of test instances used in [166] and [167], we have generated a similar set
of instances by simulating H-mesh [168] for various network sizes. [166] and [167] considered
instances with 19, 37, 61 and 91 cells for testing their approaches. In this chapter, we have
extended the network size up to 127 cells. So instances of 5 different network sizes 19, 37,
61, 91 and 127 cells have been considered for evaluating different approaches in this chapter.
The layout of 19 cells H-mesh is shown in Figure 7.1. While generating each instance, exactly
like [166, 167], it is assumed that paging cost of each cell and crossing intensity at any border
between two cells follow a normal distribution with mean =100 & variance in {20, 40 and
60}, paging bound for each RA is taken to be 800 and either O or 1 or 2 preset constraints are
inserted randomly. For each combination of network size and variance, 10 different instances
are generated leading to a grand total of 150 instances. All these instances are publicly available

athttp://dcis.uohyd.ernet.in/~alokcs/RAP.zip
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7.4 Computational results

To ensure a fair comparison, we have re-implemented the GGARAP approach of [166] and
GGA & HGGA approach of [167] in C and executed these approaches on the test instances
created by us on the same system after compiling them with the same compiler with the same
compile options as used for our approaches. For all the three approaches, all the parameters are
set to the same values as reported in their respective papers.

Computational results comparing SGGARAP with GGARAP, SGGA with GGA and
SGGA_LS with HGGA are presented in Table 7.1, Table 7.2 and Table 7.3 respectively. These
tables report on each of the 10 instances for each combination of network size (column N) &
variance and for each of the two methods compared, the best solution (column Best), average
solution (column Mean), standard deviation of solution values (column SD) and the average
execution time (AET) over 10 independent runs. In these tables, the best solution and average
solution marked with an asterisk (‘**) indicate that our approach is worse than the respective
approach for that particular instance, whereas the solutions in bold indicate that our approach is
better than the respective approach and rest of the results indicate that results are same for both
the approaches.

To show the statistical significance of the results obtained by three SSGGA versions
over those of their respective competitors, we have performed the Mann-Whitney U ftest.
Table 7.4 presents the results of two-tailed Mann-Whitney U test between SGGARAP &
GGARAP, between SGGA & GGA and between SGGA_LS & HGGA for instances with
variance 20, 40 and 60 respectively. For performing this test, we have used the online cal-
culator available at http://www.socscistatistics.com/tests/mannwhitney/
Default?2.aspx. We have taken the significance criteria to be equal to 5% (p-value<0.05)
and the corresponding critical U-value is 23. In Table 7.4, for the sake of brevity, U-value and
p-value between GGARAP and SGGARAP is reported under the heading G_SRAP, between
GGA and SGGA under the heading G_S and between HGGA and SGGA_LS under the heading
G_SLS. The results with mark ‘a’ indicate that the two corresponding approaches found same
value in all 10 runs rendering the result of Mann-Whitney U test meaningless.

Table 7.1 clearly shows the superiority of SGGARAP over GGARAP. In terms of best
solution quality, out of a total of 150 instances, SGGARAP is better than GGARAP on 102
instances, worse than GGARAP on 1 instance and equal to GGARAP on remaining 49 instances.
In terms of average solution quality, SGGARAP is better than GGARAP on 147 instances
and equal to GGARAP on remaining 3 instances. SGGARAP is nearly two times faster than
GGARAP on large instances. Standard deviation of solution values for SGGARAP is less than
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GGARAP showing the robustness of SGGARAP. If we look under the heading G_SRAP in
Table 7.4 for each of the three different variances 20, 40 and 60, then we can observe that out of
150 instances, results of SGGARAP are statistically significant with respect to GGARAP on
123 instances, on 24 instances they are not significant and on remaining 3 instances results of
Mann-Whitney U test are meaningless.

The computational results reported in Table 7.2 make the superiority of SGGA in compari-
son to GGA quite evident. Out of 150 instances, SGGA is better than GGA on 118 instances in
terms of the best solution, whereas on remaining 32 instances, both the approaches obtained
the same value for the best solution. In terms of average solution quality, SGGA is better than
GGA on 140 instances and on remaining 10 instances have the same value. Average execution
time taken by SGGA is also less, when compared to GGA, on most of the instances. SGGA
also has less standard deviation of solution values. Mann-Whitney U test between SGGA and
GGA (Table 7.4) show that the results of SGGA with respect to GGA are statistically significant
on 122 instances, whereas on 12 instances they are not statistically significant. On remaining
instances results of Mann-Whitney U test are meaningless.

The computational results of SGGA_LS and HGGA are shown in Table 7.3. In terms of best
solution, out of 150 instances, the best solution obtained by SGGA_LS is better than HGGA on
48 instances, worse than HGGA on 2 instances and same as HGGA on remaining 100 instances.
The average solution quality of SGGA_LS is better than HGGA on 98 instances, worse than
HGGA on 3 instances and same as HGGA on remaining 49 instances. SGGA_LS is more
than two times faster than HGGA on large instances. Standard deviation of solution values is
also less for SGGA_LS on most instances. The Mann-Whitney U test between SGGA_LS and
HGGA (Table 7.4) indicates that results of SGGA_LS with respect to HGGA are statistically
significant on 57 instances, whereas on 44 instances they are not significant. On remaining 49
instances the results of Mann-Whitney U test are meaningless as both the approaches obtained
the same solution in all 10 runs. Actually, use of local search makes the difference between the
performance of two approaches blurred on small instances as both the approaches obtain either
the same results or nearly the same results. However, the results are clearly significant on large
instances. If we consider the largest instances with 91 and 127 cells, results of SGGA_LS are
significant on 43 instances and are not significant on remaining 17 instances out of a total of
60 instances. Here it is pertinent to mention that solution quality is not the only parameter that

favour our approach. Our approach is also faster on large instances.
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7.4 Computational results

Table 7.5 reports the overall average solution quality and average execution time on various
network sizes for all the approaches considered in this chapter, i.e., average solution quality (col-
umn AAvg) and average AET (column AAET) of HGGA, SGGA_LS, GGA, SGGA, GGARAP
and SGGARAP on all 30 instances of each size. From Table 7.5, we can clearly observe that
overall average solution quality of our SGGA_LS, SGGA and SGGARAP approaches are better
than their respective competitors HGGA, GGA and GGARAP.

Table 7.5: Overall average solution quality and average AET of SGGARAP, SGGA, SGGA_LS,
GGARAP, GGA and HGGA on various network sizes

N HGGA SGGA_LS GGA SGGA GGARAP SGGARAP
AAvg AAET AAvg AAET AAvg AAET AAvg AAET AAvg AAET AAvg AAET
19 1247.37 0.09 1247.37 0.03 1248.84 0.04 1247.37 0.03 1272.15 0.02 1263.05 0.04
37 293596 0.71 2934.27 0.55 3047.30 0.08 2939.19 0.06 3041.84 0.06 2952.53 0.05
61 5401.41 3.42 5372.40 1.49 5940.14 0.14 5393.70 0.11 5768.17 0.12 5442.53 0.08
91  8775.70 15.14 8713.17 5.79 9836.67 0.24 8789.96 0.20 9496.94 0.23 8838.75 0.12
127 12938.79 53.54 12828.82 19.20 14686.33 0.38 13041.75 0.32 14178.33 0.40 13161.19 0.20

Table 7.6 reports the average percentage improvement in solution quality (API) by various
approaches over other comparable approaches on various network sizes. In this table, column
HG_LS reports the API by SGGA_LS over HGGA, column G_S reports API by SGGA over
GGA, column S_LS reports API by SGGA_LS over SGGA, column S_HG reports API by
HGGA over SGGA, column G_LS reports API by SGGA_LS over GGA, column G_HG reports
API by HGGA over GGA and column GP_SP reports API by SGGARAP over GGARAP. Some
interesting observations can be made with the help of this table. Columns HG_LS, G_S and
GP_SP respectively show the superiority of SGGA_LS over HGGA, SGGA over GGA and
SGGARAP over GGARAP. If we observe the columns S_LS and G_HG, we can see that the
performance of HGGA depends more on improvement operator than SGGA_LS on local search.
In column S_HG, the negative value indicates that even SGGA is overall better than HGGA for
the network of size 61. Overall, this column indicates that solutions obtained by SGGA which
does not use local search are quite close to the solutions obtained by HGGA. On the other hand,
column G_LS indicates that our SGGA_LS improves substantially the results obtained by GGA.

Figures 7.2(a) to 7.2(e) and 7.3(a) to 7.3(e) graphically compare the average solution quality
of several approaches over all the instances of each variance, viz. 20, 40 and 60.

Figures 7.2(a) to 7.2(e) graphically compare the average solution quality of GGARAP
and SGGARAP over 10 instances of each network size and variance. These figures clearly

demonstrate the superiority of SGGARAP over GGARAP for all network sizes and variances.
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Table 7.6: Average percentage improvement on problem size 19, 37, 61, 91 and 127

N HGLS GS SLS SHG GLS G_HG GPSP

19 0.00 0.12 0.00 0.00 0.12 0.12 0.72
37 0.06 355 0.17 0.11 3.71 3.65 2.94
61 054 920 039 -0.14 9.56 9.07 5.65
91 0.71 10.64  0.87 0.16 11.42  10.79 6.93
127 0.85 11.20 1.63 0.79 12.65 11.90 7.17

It can also be observed that difference in solution quality increases in general as the network
size increases.

Figures 7.3(a) to 7.3(e) graphically compare the average solution quality of GGA, HGGA,
SGGA and SGGA_LS over 10 instances of various network sizes and variances. From these
figures, it can be easily observed that SGGA outperformed GGA and SGGA_LS outperformed
HGGA on all network sizes as well as all variances. If we observe the differences in solution
quality between SGGA_LS and SGGA and between HGGA and GGA, we find that solution
quality of SGGA is closer to SGGA_LS compare to that of GGA with HGGA on all network
sizes as well as variances.

Total number of solution evaluations: HGGA and SSGA_LS approaches use local
search. When local search is used, then evaluation of each of its move constitutes a solution
evaluation. As the number of moves available varies from one iteration of the local search to the
other and depends on the input solution, HGGA and SSGA_LS may perform a different number
of solution evaluations on each instance. As the quality of the solution returned depends on
the total number of solution evaluations, therefore, the superior performance of SSGA_LS can
be attributed to more number of solution evaluations performed by it in comparison to HGGA.
To show that this is not the case, we have counted the solution evaluations performed by the
two approaches on each of the 10 runs on each instance. Figure 7.4 plots the average number
of solution evaluations over 10 runs performed by HGGA and SSGA_LS on each instance.
In Figure 7.4, instance numbers 1 to 50, 51 to 100 and 101 to 150 are for the instances with
variance 20, 40 and 60 respectively. Instances numbers 1 to 10, 51 to 60 and 101 to 110 are
for the instances with size 19. Instance numbers 11 to 20, 61 to 70 and 111 to 120 are for the

instances with size 37. Instance numbers 21 to 30, 71 to 80 and 121 to 130 are for the instances
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Figure 7.2: Comparison of results GGARAP and SGGARAP on network sizes 19, 37, 61, 91 and
127

with size 61. Instance numbers from 31 to 40, 81 to 90 and 131 to 140 are for the instances with
size 91. Instance numbers from 41 to 50, 91 to 100 and 141 to 150 are for the instances with
size 127. From Figure 7.4, it can be clearly observed that as the size of the instance increases,

the number of solution evaluation also increases for both the approaches. It can also bee seen
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Figure 7.3: Comparison of results SGGA_Ls, SGGA, HGGA and GGA on network sizes 19, 37,
61,91 and 127

clearly that the variance of instances does not have any significant impact on the total number of
solution evaluations performed by the two approaches. Except for small instances with size 19
and 37, where SSGA_LS performed slightly more solution evaluations than HGGA, SSGA_LS
outperformed HGGA on remaining instances. On the largest 60 instances, i.e., instances with

size 91 and 127, the difference between the number of solution evaluations performed by the
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two approaches is quite high. Here, It is to be noted that SGGARAP and GGARAP approaches
considered in this section do not use any local search and generate 6000 solutions overall so
both of these approaches perform 6000 solution evaluations also. Similarly, SGGA and GGA
considered in this section do not use any local search and generate 10000 solutions overall, so

both of these approaches perform 10000 solution evaluations also.
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Figure 7.4: Fitness function count for all instances

Influence of parameter settings on solution quality: In order to investigate the in-
fluence of parameter settings on the solution quality, we have taken four different instances
comprising different variances and network sizes. These instances are represented as Pb(instance
index)_v(variance)_n(network size) viz. Pb04_v40_n61, Pb05_v60_n91, Pb08_v20_n127 and
Pb07_v40_n127. We have varied all the parameters one by one, and keeping all the 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 Table 7.7. In this table, values in bold show
the results with original parameter values which are used in all the experiments involving our
approach. From Table 7.7, it can be observed that for all the parameters, the values chosen by us
after a large number of trials, give the best possible results in terms of best as well as average
solution quality both. The average solution quality for all the four instances vary with parameter
values. Note, for parameter /M, it was observed that values greater than 0.02 did not affect the

solution quality.
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7. REGISTRATION AREA PLANNING PROBLEM

Table 7.7: Influence of parameter settings on solution quality

Pb04_v40_n61

Pb05_v60_n91

Pb08_v20_n127

Pb07_v40_n127

Parameter Value Best Mean Best Mean Best Mean Best Mean
600 5392 5416.40 8670 8741.20 12825 12879.20 12729 12762.00

500 5414 5415.60 8727 8752.00 12845 12891.40 12691 12743.30

Pop 400 5392 5411.00 8670 8737.70 12805 12873.60 12678 12727.90
300 5414 5417.80 8724 8769.50 12805 12894.50 12689 12764.40

200 5392 5441.60 8727 8786.40 12879 12911.40 12729 12771.50

0.95 5414 5416.00 8724 8763.50 12845 12873.80 12729 12753.00

e 090 5392 5411.00 8670 8737.70 12805 12873.60 12678 12727.90
0.85 5414 5417.60 8723 8772.30 12818 12882.10 12711  12747.20

0.80 5414 5417.40 8710 8745.10 12817 12887.80 12729 12752.00

0.75 5414 5419.00 8670 8764.90 12818 12865.90 12678 12743.30

0.90 5392 5413.80 8765 8781.40 12845 12899.20 12717  12763.20

0.85 5414 5416.40 8746 8771.30 12854  12896.60 12729  12753.50

. 0.80 5392 5411.00 8670 8737.70 12805 12873.60 12678 12727.90
0.75 5414 5421.90 8710 8751.10 12795 12868.50 12729 12740.40

0.70 5392 5416.40 8724 8758.80 12805 12865.60 12729 12757.60

0 5414 5417.00 8710 8753.90 12843  12906.40 12691 12761.10

1 5392 5426.20 8670 8751.50 12845 12899.00 12678 12747.80

Ryt 2 5392 5411.00 8670 8737.70 12805 12873.60 12678 12727.90
3 5414 5418.60 8727 8760.90 12845 12881.30 12729 12750.80

4 5414 5419.00 8670 8738.60 12845 12884.80 12678 12751.40

4 5392 5413.10 8670 8744.00 12818  12904.00 12678 12747.30

5 5414 5419.60 8710 8767.20 12817 12885.30 12636  12729.00

Max 6 5392 5411.00 8670 8737.70 12805 12873.60 12678 12727.90
7 5392 5415.20 8745 8770.10 12862 12899.20 12689 12747.80

8 5414 5419.60 8710 8767.20 12817 12885.30 12636  12729.00

0.05 5392 5411.00 8710 8748.30 12805 12875.50 12711  12763.30

0.01 5392 5411.00 8710 8751.20 12817 12869.50 12678 12754.30

IM  0.02 5392 5411.00 8670 8737.70 12805 12873.60 12678 12727.90
0.03 5392 5411.00 8670 8737.70 12805 12873.60 12678 12727.90

0.04 5392 5411.00 8670 8737.70 12805 12873.60 12678 12727.90
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7.5 Conclusions

7.5 Conclusions

In this chapter, we have presented a steady-state grouping genetic algorithm (SSGGA) to solve
the registration area planning (RAP) problem. We have compared our SSGGA approach with
the state-of-the-art approaches for the RAP problem. Computational results show the superiority
of our SSGGA approach in all the aspects, viz. quality of best solution found, average solution
quality, average execution time and standard deviation of solution values. Performance of our
approach improves only slightly with the use of local search which is not the case with one
of the state-of-the-art approaches which shows significant improvement with the use of local

search.

185



Chapter 8

Conclusions and Directions for Future
Research

The field of solving combinatorial optimization problems using metaheuristic techniques has
been matured to the extent that no new approach for solving any combinatorial optimization
problem can compete with the state-of-the-art approaches unless it makes proper use of problem
specific knowledge. This problem specific knowledge can be used anywhere from solution
encoding, design of metaheuristic operators (e.g., crossover and mutation in case of genetic
algorithm) to the design of repair operator and local search. Evolutionary techniques are no
exception. As a result, most of the new development in the field of solving combinatorial
optimization problems using evolutionary techniques are taking place in the context of particular
problems only. New evolutionary techniques or a part thereof (e.g., new solution encoding, new
genetic operators, new local search heuristics) are proposed and tested in the context of particular
problems only. Some of these techniques have wider applicability, but these techniques are
either never extended and tested for other problems or these are under explored. EA/G is one
such technique. Through our work, we have investigated the capabilities of EA/G in solving
some NP-hard combinatorial optimization problems. A major portion of our work has been
focussed around developing EA/G based approaches for four NP-hard problems and making
these approaches perform as good as or better than the state-of-the-art approaches for the
same problem. We have also developed genetic algorithm based approaches for three NP-hard
problems. These are the major contributions of this thesis.

In addition, we have modified problem-specific heuristics and local search procedures

for some problems to enhance their performance. An artificial bee colony algorithm is also
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developed for the problem of single machine scheduling with stepwise tardiness.

In the following, we describe the contributions made by various chapters along with possible
directions for future research.

In Chapter 2, we have proposed a hybrid approach combining EA/G with a local search for
the set packing problem (SPP) and compared it with two state-of-the-art approaches. On the
benchmark instances considered, our approach has outperformed other two approaches in terms
of best and average solution quality both. Though one of the two approaches is faster than our
approach, this approach performs worst in terms of solution quality among all the approaches.

The method that we have presented in this chapter for initializing the probability vector
utilizes the information about the individual objects in addition to the information about compo-
sition of initial solutions. This method makes use of the ratio of the weight of object ¢ to the
cardinality of its conflict set in addition to using the information about the number of initial
solutions containing object 7, while initializing the probability for object i. It is to be noted that
Zhang et al. [55] utilized information about composition of initial solutions only for initializing
the probability vector. Similar methods for initializing the probability vector can be developed
for other problems also. However, benefit of such a scheme should be ascertained over the one
used in [55] before using it for any particular problem. Similarly, when all solutions in the
population become identical, instead of reinitializing the population with randomly generated
solution, we have randomly perturbed existing solutions (which are same) to reinitialize the
population. This helps in finding high quality solutions faster. Usually, randomly generated
solutions are much worse than the solutions obtained through perturbation. As a result, when
population is reinitialized with randomly generated solutions, search process gets hampered
for a while. This reinitialization scheme can be used for other problems also in case empirical
observations favor its use for them. Ideas presented in this chapter can be easily adapted for
developing EA/G based approaches for other related NP-hard problems such as set covering
problem, target coverage problem in wireless sensor networks, multidimensional knapsack
problem etc.

Chapter 3 described a hybrid EA/G approach for the minimum weight dominating set
(MWDS) problem. In addition to the hybrid EA/G approach, an improved version of a greedy
heuristic available in the literature is also presented which has been used in our hybrid approach
for initial solution generation and repairing an infeasible solution. The repair operator that
we have designed for this problem is computationally more efficient than the repair operators

available in the literature. We have compared our hybrid EA/G approach with the best approaches
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8. CONCLUSIONS AND DIRECTIONS FOR FUTURE RESEARCH

known so far on standard benchmark instances comprising general graphs and unit disk graphs.
In comparison to these approaches, our approach obtained better quality solutions in shorter
time. Hybrid EA/G approach developed in this chapter can be easily extended to the capacitated
minimum weight dominating set problem and the connected minimum weight dominating set
problem. A similar approach can be designed for the minimum weight vertex cover problem.

Chapter 4 presented two approaches, viz. a problem specific heuristic and a hybrid EA/G
approach for the dominating tree problem (DTP). On disk graph instances of various sizes and
transmission range, the problem-specific heuristic produced better results in comparison with
existing problem-specific heuristics for this problem. Our hybrid EA/G approach also obtained
better results on most of the instances in a much shorter time in comparison to two previously
proposed metaheuristic approaches, which are the only metaheuristic approaches proposed so
far for DTP.

DTP was introduced with the sole intention of minimizing the energy consumption in a
routing scheme. However, as mentioned already in Chapter 4, a DTP solution whose cost is
less in comparison to another solution may not have lesser number of nodes also. Actually,
lesser number of nodes are desirable from fault tolerance point of view. Therefore, there is a
trade-off involving energy consumption and fault tolerance. A possible future work is to study
this trade-off by considering a bi-objective version of the DTP, where first objective is same as
the objective function of the DTP and second objective is the number of nodes in the dominating
tree.

In the original EA/G algorithm, Zhang et al. [55] updated the probability vector with the best
v solutions in the current population and created % solutions by applying guided mutation

2

on the best solution of the population in a generation, where [V, is the population size. These
N, P
2

newly created solutions along with the best =2 solutions in the current population constitutes

the population for the next generation. In Chapter 3, we have updated the probability vector with
the best % solutions in the current population and created % solutions by applying guided
mutation on the best solution of the population in a generation where [V, is the population
size. These newly created solutions along with the best % solutions of the population in the
previous generation constitutes the population in the next generation. Generalizing this, in
Chapter 4 we have used L best solutions in the current population to update the probability
vector and applied guided mutation to create M new solutions. However, instead of applying

guided mutation M times on the best solution to create M new solutions, it is applied once on

each of the M best solutions. These M new solutions along with the best /V;, — M solutions in
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the current population constitute the population for the next generation. IV, L and M were set
empirically to 60, 15 and 25 respectively in this chapter. The number of best solutions used to
initialize the probability vector and the number of solutions generated through guided mutation
are independent, and hence, these two parameters should be set individually. On the other
hand, the decision about whether to apply guided mutation M times on the best solution of the
population or apply once on each of the M best solutions in the population is problem specific
and should be made based on some experimentations only. If we use the former strategy, the
population is expected to be less diverse in comparison to the population in the latter strategy.
However, the optimal balance between exploration and exploitation is not same for all problems
and varies from one problem to another, and as a result, none of the two strategies wields an
absolute advantage over the other.

In Chapter 4, we have reinitialized the whole population (minus the best solution) and
the probability vector, when best solution has not improved over some number of generations.
Actually, for DTP, we never found all population members to be same, a condition used in
[55] to reinitialize the population and probability vector. At the same time, we also observed
that best solution did not improve over a long duration, and therefore, we tried this strategy of
reinitializing the population and the probability vector, and found significantly better results.
Similar strategies can be used for other problems.

Chapter 5 addressed the order acceptance and scheduling (OAS) problem in a single machine
environment via two hybrid approaches, viz. a hybrid genetic algorithm and a hybrid EA/G.
In comparison against two state-of-the-art approaches available in the literature, both of our
approaches obtained better quality solutions. However, our approaches are slower than the
existing approaches. As far as comparison between the two proposed hybrid approaches is
concerned, hybrid genetic algorithm based approach performed slightly better in terms of
solution quality than hybrid EA/G approach, but the former approach is slower than the latter
approach. A possible future work is to extend our approaches to the version of the OAS problem
where orders are processed in a multiple machine environment.

As OAS problem has the characteristics of both subset selection and permutation problems,
we have developed a special crossover for this problem. This crossover operator leaves some
orders unassigned which are assigned to the solution through an assignment operator. This
crossover operator in combination with assignment operator consistently produced better results
than the UOB crossover which was also tried. When no position exists where inserting the

order increases the total net revenue, then our assignment operator tries to insert an order at a
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position where inserting the order keeps the total net revenue unaltered and the completion time
of the last order reduces. Only when this is also not possible, then the order is inserted at the
end. A similar strategy is used in the local search for exchanging two orders. The motivation
behind these strategies is to accept an insertion/exchange which makes room to accommodate
more orders without causing any loss of revenue. Previously no such strategy was used for OAS
problem. Though not presented explicitly, we have also devised a greedy heuristic for the OAS
problem and used it to generate the first member of the initial population.

Guided mutation operator in our hybrid EA/G approach for OAS problem tries to insert an
order at the position whose probability is maximum when sampling an order from the probability
distribution. Similar strategies may be tried for other related scheduling problems also.

Chapter 6 described two hybrid evolutionary approaches for a single machine scheduling
problem where tardiness costs of jobs increase in a stepwise manner with respect to various due
dates. Our first approach is a hybrid genetic algorithm, whereas the second approach is based on
artificial bee colony algorithm. Two versions of the problem are considered. In the first version,
all jobs are available for processing at the beginning, whereas in the second version, jobs are
supposed to have release dates. A special mutation operator is designed for use in our genetic
algorithm based approach. The solutions obtained by our two approaches are improved through
a series of local searches for both the versions. Our hybrid approaches outperformed the best
approaches available in the literature in terms of solution quality and execution time both on
the first version. Even the results of our approaches without the local search are better than
the previous approaches. As no other metaheuristic approach is available in the literature for
the second version of the problem, we have compared our two approaches among themselves
for this version. For both the problem versions, artificial bee colony algorithm based approach
outperformed the genetic algorithm based approach in terms of solution quality and running
time both. A possible future work is to extend our approaches to the version of the problem
where jobs have sequence dependent setup costs.

Probably, our genetic operators are too disruptive for this problem in comparison to two
neighboring solution generation operators used in artificial bee colony algorithm, and that is why,
artificial bee colony algorithm performs better. We have tried to develop a hybrid EA/G approach
also for this problem, but it performed quite worse even in comparison with genetic algorithm,
and hence, this approach is not reported. The hybrid EA/G approach presented in Chapter 5
for OAS problem also performed slightly worse than our hybrid genetic algorithm for OAS

problem. EA/G uses univariate marginal distribution (UMD) to characterise the distribution of
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promising solutions in the search space. UMD model works well for subset selection problems,
but this seems to be not the case for permutation problems. A possible future work is to explore
some other probability models like those used in [169, 170, 171, 172] in EA/G framework for
permutation problems.

Chapter 7 presents a hybrid grouping genetic algorithm based approach for the registration
area planning (RAP) problem in mobile wireless networks. Though there already exists two
grouping genetic algorithms for the RAP problem, our approach is quite different from these.
Solution encoding, genetic operators, selection mechanism, population replacement policy used
in our approach are all different from previous approaches. Computational results showed the
superiority of our approach over these two approaches in terms of solution quality and execution
times both. Superior performance of our grouping genetic algorithm based approach over two
previously proposed grouping genetic algorithms can be attributed to better solution encoding
and proper use of problem specific knowledge in the design of genetic operators. A possible
direction for future research is to consider a bi-objective version of RAP problem where one
objective is location update cost and another objective is paging cost.

We have not tried any approach based on EA/G for the RAP problem as we have not found
any approach based on estimation of distribution algorithms in the literature for any grouping
problem among the best approaches for that problem. Though there exists few approaches for
grouping problems like those proposed in [173, 174], these approaches are still far from being
considered as matured as these approaches are inadequately tested on a small set of benchmark
instances of their respective problems. In case of [174], this small set of instances is not even a
subset of standard instances. It seems that distribution of promising solutions in the search space
is more complex for a grouping problem than for a subset selection or permutation problem and
no extant probability distribution model approximates it well.

In all, six problems have been considered in this thesis. Chapters 2 to 4 deal with subset
selection problems, Chapter 5 is devoted to a problem that has characteristics of subset selection
and permutation problems both, Chapter 6 is focussed on a permutation problem and Chapter 7
addresses a grouping problem. So in this thesis, we have attempted all three kinds of combi-
natorial optimization problems which is necessary for considering combinatorial optimization
problems in totality and for gaining some insight about solving them through any metaheuristic
approach in general and evolutionary approaches in particular. Afterall, solution encoding
and design of any metaheuristic operator depend completely on the nature of combinatorial

optimization problem.
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Genetic algorithm is the most widely used evolutionary approach for solving combinatorial
optimization problems. In fact, it is one among the most successful metaheuristic approaches.
Based on the work reported in this thesis, we can say that EA/G provides an attractive alternative
to genetic algorithm for subset selection problems. However, same can not be said about
the performance of EA/G on other two kinds of combinatorial optimization problems. For
permutation problems, already some estimation of distribution algorithms exist which provide
good results in comparison to state-of-the-art approaches. So it will be worthwhile to combine
guided mutation with these estimation of distribution algorithms and investigate the performance
of the combined approach in solving different permutation problems. As mentioned already, the
field of estimation of distribution algorithms for solving grouping problems is still in nascent
stage and it needs to progress a lot before one can think about combining guided mutation
with estimation of distribution algorithms for grouping problems. Even for subset selection
problems, performance of guided mutation in combination with other probability distribution
models should be investigated in an EA/G framework for further improving its performance.

At the end, we would again like to stress the point that without the proper use of problem-
specific knowledge, no new metaheuristic approach for any problem can compete with state-of-
the-art approaches for the same problem. All the approaches presented in this thesis make use
of problem-specific knowledge and perform as good as or better than existing state-of-the-art
approaches. However, this fact does not preclude the possibility that for each problem there
might be some unexplored characteristics that need to be unearthed and analyzed further. This, in
turn, will provide us further opportunities to develop new heuristic & metaheuristic approaches

and improve existing ones for each problem.
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