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Abstract

Knowledge Sharing Agents

Using Genetic Algorithms in

Mobile Ad Hoc Networks

by

Elkin Urrea

Advisor: Prof. M. Ümit Uyar

We present a novel approach for knowledge sharing mobile agents to achieve a uniform

spread of autonomous mobile nodes over an unknown geographical terrain. In this

research, knowledge sharing agents adjust their speed and directions within a mobile

ad hoc network (manet) using a decentralized topology control mechanism based on

genetic algorithms (GAs). The genetic information that each mobile agent exchanges

with other neighboring agents within its communication range includes the node’s

location, speed, and movement direction.

We show that our GA-based topology control system can be modeled as a dynamical

system in order to provide formalism to study its convergence trajectory in the space

of possible populations. We apply this discrete time dynamical system model for

calculating the cumulative effects of genetic operators such as selection, mutation,

and crossover as a population of possible solutions evolves through generations using

our GA-based approach.
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To demonstrate applicability of our topology control algorithms to real-life problems

and evaluate their effectiveness, we implemented a simulation software system and

several different testbed platforms. The simulation and testbed experiment results

indicate that, for important performance metrics such as normalized area coverage

(nac) and convergence rate, our algorithms can be effective in deploying nodes under

restrained communication conditions in manets operating without prior geograph-

ical terrain knowledge. Since our topology control algorithms adapt to any local

environment rapidly and do not require global network knowledge, they can be used

as real-time topology controllers for realistic military and civilian applications.
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Chapter 1

Introduction

Autonomous systems represent a blend of software and machinery to create intelligent

platforms for complex real world problems without human control and guidance.

These systems must be self-sufficient and capable of adapting their behavior to rapidly

changing and most likely unfamiliar environments.

A mobile ad hoc network (manet) consists of an autonomous system of mobile nodes

which dynamically form a network without any pre-existing structure. These mobile

entities are geographically dispersed and equipped with wireless transmitters and

receivers to communicate with each other within the manet. Communication among

the mobile nodes is generally established through a multi-hop routing due to the

limited range of transmission capabilities of each individual node. Since the mobile

nodes move arbitrarily in a manet, the network topology may change dynamically

and unpredictably. One way of maintaining a uniform distribution of mobile nodes
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over any terrain is to provide the nodes with the ability to adapt their speeds and

movement directions based on their local neighbor nodes and surroundings (e.g., the

number of neighbors, neighbors locations, obstacles within node sensing range, etc).

The motion ability is the main characteristic for the nodes in a manet that facilitates

numerous useful network features, including (but not limited to) the ability to self-

deploy. Self-deployment is one of the key features in our approach since it provides

capability to start from a compact initial configuration, then, the nodes in a manet

can propagate by spreading out through time. It also provides the inextricable relation

to the physical world, the appropriate deployment of mobile nodes is very important

for a successful completion of cooperative tasks.

We propose a bio-inspired topology control approach using genetic algorithms (GAs)

to produce a uniform deployment of mobile agents, discover network layouts that

maintain the communication connectivity among mobile nodes, and converge toward

a uniform distribution over a two-dimensional area. Note that we use the terms

node, mobile node, and mobile agent interchangeably to refer to the physical

mobile entities in a manet, each of which is running the bio-inspired topology con-

trol algorithms. GAs belong to a particular set of evolutionary algorithms that use

techniques motivated by evolutionary biology such as inheritance, mutation, selec-

tion, and crossover [3]. GAs have become an important tool in machine learning,

multiprocessor scheduling, and function optimization [4]. Although the mechanisms

by which a GA functions have not been fully validated, GAs have been successfully

employed at solving problems with no known deterministic algorithm alternative.
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For example, one of the realistic solutions in robotics research is to use distributed

intelligence such as in swarm robotics [5, 6], where large numbers of simple robots in

multi-robot systems coordinate to obtain a collaborative behavior in order to complete

a difficult task. GAs is one of the most studied approaches in order to find solutions

for these types of collaborative and difficult tasks. GAs look for the best individuals,

i.e., the best solution or optimum result in an entire problem set.

Our GA-based topology control algorithm, called fga, uses a GA in the decision-

making process of adaptive and autonomic systems to dynamically evolve reconfigu-

ration strategies that balance competing objectives at run time. FGA adapts a mobile

node’s speed and direction according to its current environment (e.g., the number of

neighbors and the movement profiles).

One can envision many applications for our GA-based topology control algorithms

ranging from military to commercial applications, such as search and rescue missions

(e.g., locating humans trapped in rubble after an earthquake), controlling unmanned

vehicles and transportation systems, clearing mine-fields, and spreading military as-

sets (e.g., robots, mini-submarines, etc.) under harsh and bandwidth-limited condi-

tions. In these applications a large number of mobile nodes can gather information

from multiple viewpoints simultaneously, allowing them to share information and

adapt to the environment quickly. A common objective among these applications is

the uniform distribution of autonomous mobile nodes operating on geographical areas

without prior geographical terrain knowledge. The topology control of autonomous

mobile nodes face extra challenges in manets since: (a) due to mobility, local terrain
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may change dramatically in a short time-span during an operation, (b) the number

of mobile nodes may increase or decrease unpredictably due to malfunctions, (c) mo-

bile nodes may not have access to neither navigation maps or GPS devices, but can

only have limited information collected from local neighbors, and (d) nodes may be

deployed into a terrain from a single entry point (rather than random or other types

of initial distributions often seen in existing research).

Markov chains offer an appropriate model to analyze our GA-based topology control

algorithm [7, 8]. We build an ergodic homogeneous Markov chain to model the con-

vergence properties of FGA extrapolated from a theoretical standpoint. The Markov

chain demonstrates that FGA will both converge by analyzing Dobrushin’s contrac-

tion coefficient and that that convergence will most likely be an optimal solution by

analyzing the total fitness of the final stationary distribution. It analyzes these two

metrics among varied communication ranges and geographic areas.

We also implemented a Java-based simulation software to evaluate effectiveness of

FGA and its applicability to real-life problems. Using this simulation software, we

study the performance of FGA with respect to different parameters such as area

coverage, average fitness values, average traveled time, and convergence In addition,

in Bio-inspired Computing Laboratory at the City College of New York, we built a

testbed to study the convergence properties of various GA-based topology control

mechanisms in manets.

The rest of this thesis is organized as follows. The related research in the area of

4



genetic algorithms, mobility models and deployment techniques are summarized in

Chapter 2. A detailed description of our topology control mechanism is presented in

Chapter 4. A dynamical system model to predict the behavior of FGA and analyze

the effect of the initial population on the convergence of our algorithm is described in

Chapter 5. FGA is modeled as a Markov chain using the mobile nodes’ experimental

behavior to demonstrate the underlying stochastic and convergent nature of the al-

gorithm in Chapter 6. Our simulation experiments and the testbed implementations

are given in Chapters 7 and 8, respectively. Chapter 9 concludes the thesis work.
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Chapter 2

Related Work

Many distributed robotics applications utilize GAs for various decision making and

optimization tasks. One approach utilizes a knowledge-based GA to find paths for mo-

bile robots to move in complex and dynamic environments [9]. In another approach,

autonomous mobile agents emulate the social behavior of insects collecting informa-

tion from their environment using different sensors and a GA-based applications for

movement [10]. Ref. [11] suggests a GA to optimize the speed and the distance among

autonomous robots that simulate cars moving in a highway while avoiding collisions.

Similarly, Refs. [12] and [13] use a genetic approach to accomplish distance-safety

criteria for mobile robots in motion while avoiding obstacles. Ref. [14] compares a

linear genome genetic programming system with the performance of hierarchical ge-

netic programming methods by using simulated miniature robots to accomplish wall

following, light avoidance, and obstacle avoidance. In a robotic urban search and

rescue application [15], GA is used for searching a solution set for kinematic problem

6



space, such as using the tacks or wriggling like a snake to move forward. In a similar

application [16], distributed autonomous robots aim to deploy in a terrain composed

of multiple rooms. These robots run a GA in order to generate a solution set to decide

the next movement for distributed autonomous robot teams, unlike our GA applica-

tions, they do not aim to distribute the robots uniformly. Ref. [17] considers mobile

robots equipped with ultrasonic sensors in order to collect range-limited data from

the environment where they spread. By contrast to our topology control algorithm,

this approach finds an optimal position using a global map knowledge.

manets are characterized by many small processors that work together to perform

complex tasks with no or little outside help. These systems need to be rapidly de-

ployable and utilize protocols that allow the processors to automatically set up multi-

hop communication paths among themselves. If the nodes are mobile, the network

topology needs to change when the nodes move out of wireless range and may have to

re-establish broken paths. Researchers are also considering swarm robotics to address

this problem. Ref. [18] presents a multi-robot system that collectively try to find a

path to all potential places to build a structure according to some set of user spec-

ifications. Similarly, a particle swarm optimization algorithm for path optimization

of soccer playing robots is proposed in Ref. [19]. In Ref. [20], swarm optimization is

used for route planning of UAVs using a fitness function based on both flight time and

safety. Differently, Ref. [21] presents swarm micro-robots network to coordinate and

realize different underwater tasks. A distributed navigation and exploration strategy

is studied in Ref. [22], where the robots explore an environment with their sensors,

7



then memorize the data and place them together on a map.

In addition to swarm robotics, deployment of mobile agents has been considered

by a number of authors in a variety of contexts. Ref. [23] uses a potential-field

approach from mobile robotics to deploy mobile sensors. The fields are constructed

such that each sensor is repelled by obstacles and other sensors, thereby forcing the

network to spread itself throughout the environment. Ref. [24] considers autonomous

dispersion of mobile nodes using a random diffusion method. In Ref. [25], mobile

wireless sensors organize themselves in an adaptive manner over a geographical area

by utilizing a self deployment algorithm based on cooperative mobile robotics. The

percentage of the region covered, uniformity of network topology, time elapsed until

all the nodes reach their final locations, and the average distance traveled by each

node are considered as performance metrics. Ref. [26] uses Delaunay triangulation

techniques to maximize area coverage while minimizing gaps and coverage overlaps

by adjusting the deployment layout of nodes close to equilateral triangulation.

Mobility models represent the movement of mobile nodes, and how their location,

velocity and acceleration change over time. Such models are frequently used for sim-

ulation purposes when new communication or navigation techniques are investigated.

Different mobility models (e.g., random waypoint, random way group mobility, Man-

hattan mobility, and freeway mobility) have been studied for the movement of mobile

nodes [27]. Ref. [28] proposes a technique, based on renewal theory, for analyzing

mobility models in ad hoc networks and apply their method to random waypoint

mobility. Ref. [29] provides relation between various mobility models and their ef-
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fects on performance of ad hoc network. Refs. [1] and [30] implement a discrete-time

random walk model to analyze the node link stability in manets. A node only has

the capability of moving to a neighboring cell within one time unit. A discrete-time

walk model formulates how a wireless link changes its state. The mobility model used

in this thesis is first introduced by Hökelek et al. where a mobile node can move into

one of the six neighboring cells, but its movement direction and speed are determined

by a GA rather than a random walk [1, 31].

Applications of GAs on manets particularly concentrate on partitioning a manet

into multiple clusters. Ref. [32] utilizes a GA to divide a network into clusters which

satisfy multiple objectives for the upper-layer protocols. This approach considers only

temporal and spatial node connectivity, disregarding mobile node movement charac-

teristics (e.g., direction, velocity and acceleration). Ref. [33] applies GAs to provide

the optimum clustering of network nodes into subnetworks. Specifically, they apply

GAs to their weighted clustering algorithm and demonstrate performance improve-

ments such as less number of clusterheads and more evenly balanced load distribution

on them. Ref. [34] suggests a new clustering strategy to execute energy conserva-

tion and topology management based on GAs. Ref. [35] presents a GA for QoS

route discovery method in manets which helps locating a good set of routes quickly

and reacting to the network dynamics promptly but sacrificing the optimality of the

routes. Similarly, GAs are applied to automated routing parameter selection [36] and

optimization of a unicast routing protocol [37] used in manets. Ref. [38] applies a

parallel computing GA to allocate target points to multiple mobile nodes so that the
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exploration time of the region of interest is minimized.

Schema theory , Markov chains, and dynamic system models are widely used to model

and analyze the efficiency of GAs. Schema theory [3, 4] describes how schemata,

templates specifying groups (sets) of similar chromosomes, are expected to propagate

from one generation to the next. Ref. [4] formulates a schema theorem that gives a

lower bound on the expected fraction of a population in a schema after one generation

of a simple GA. Finite, discrete-time Markov chain models of GAs have been used

successfully in the past to understand the complex dynamics of a simple GA. For

example, Ref. [39] models the simple GA as a Markov chain, where the Markov

chain states are populations. Ref. [40] extends this work to a Random Heuristic

Search model of GAs where each individual of the next generation is selected from a

probability distribution over individuals in the search space. Ref. [41] analyzes a GA

using an elitist strategy on a Markov chain by assuming that the genetic operation

in the generation changes is restricted to selection, crossover, and mutation, and by

evaluating the eigenvalues of the transition matrix of the Markov chain.

GAs applied to large scale problems should avoid convergence towards an unwanted

solution or a local optima. Ref. [42] investigates the convergence properties of GAs ap-

plied to fitness functions perturbed by multiple sources of additive noise. In Ref. [43],

the eigenvalues of the transition state matrix from a Markov analysis are used to es-

timate the convergence rate. In Ref. [44], GA convergence time behavior is modeled

by a Markov chain to show the effects of binary and higher cardinality representation

of a search space.
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Our GA-based topology control algorithm, called FGA, for self-spreading of mobile

nodes in manets differs from the above cited approaches in several aspects. FGA

gather very limited information obtained from the neighboring nodes and does not

require manual tuning of key parameters or prior knowledge of the operative scenario.

FGA has the basic self-* properties of autonomic computing, such as self-healing, self-

configuration, and self-adaptation, giving rise to a fully decentralized algorithm. FGA

uses an objective function inspired by the force-based distribution in physics where

each molecule attempts to remain in balanced position and to spend minimum energy

to protect its own position [45, 46]. Another significant difference is that we assume

no prior knowledge of the geographical area or the obstacles. Finally, since FGA is

fully distributed without a central controller or any other type of privileged entity,

and each agent is using only the local information available, as shown in later sections,

FGA is resilient to agent losses.
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Chapter 3

Genetic Algorithms

Genetic algorithms (GAs) are numerical optimization algorithms inspired by both

natural selection and natural genetics [3,4,47]. GAs use stochastic-based search tech-

niques that can avoid local minima and that are very flexible due to their encoding

and evaluation phases. The basic concept of GAs is to follow the principles of survival

of the fittest by simulating the mechanisms of biological evolution such as reproduc-

tion, mutation, recombination, and selection. GAs have a tendency to succeed in an

environment in which there is a very large set of candidate solutions and in which the

search space is uneven and has many hills and valleys. The algorithms are simple to

understand and the required software easy to write.

In most general form of GA a population is randomly created with a group of indi-

viduals (possible solutions) created randomly (Fig. 3.1). Commonly, the individuals

are encoded into a binary string. The individuals in the population are then eval-
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Figure 3.1: Basic form of Genetic Algorithm (GA).

uated. The evaluation function is given by the user which assigns the individuals a

score based on how well they perform at the given task. Individuals are then selected

based on their fitness scores, the higher the fitness then the higher the probability

of being selected. These individuals then reproduce to create one or more offspring,

after which the offspring are mutated randomly. A new population is generated by

replacing some of the individuals of the old population by the new ones. With this

process, the population evolves toward better regions of the search space. This con-

tinues until a suitable solution has been found or a certain number of generations

have passed. A pseudo code for this simple GA is show in Algorithm 3.1.

The terminology used in GA is analogous to the one used by biologists. The connec-

tions are somewhat strained, but are still useful. The individuals can be considered

to be a chromosome, and since only individuals with a single string are considered,
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Algorithm 3.1 Pseudo-code of simple genetic algorithm.
t← 0
initialize population P (t)
evaluate population P (t)
while not-termination condition do
t← t+ 1
select P ′(t− 1) from P (t− 1)
apply crossover on P ′(t− 1)
apply mutation on P ′(t− 1)
P (t)← P ′(t− 1)

end while

this chromosome is also the genotype. The organism, or phenotype, is the result

produced by the expression of the genotype within the environment. In GAs this will

be a particular set of unidentified parameters, or an individual candidate solution.

These connections are summarized in Table 3.1.

Table 3.1: Comparison of biological and GA terminology.

Biological GA
Chromosome or genotype Structure, or string (often binary)
Locus A particular (bit) position on the string
Phenotype Parameter set or solution vector (real-valued)

3.1 Chromosome

A chromosome is the genetic material of an individual that represents the information

about a possible solution to the given problem. In order to speed up a GA process in

the mobile nodes, chromosomes should be selected carefully enough to include all the

correct parameters and simple enough to reduce the computational processing power.

Binary strings are the most common representations of candidate solutions. In gen-
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eral, a binary chromosome may be defined in a discrete search space Ω. A ga mini-

mizes or maximizes a corresponding fitness function fi : Ω→ <. Then, each candidate

solution in the search space Ω can be coded into l-bit binary chromosome that is an

element of Θ = {0, 1}. In other words, this is an one-to-one mapping Ψ = Ω→ Θ.

3.2 Genetic Operators

GAs mimic basic principles of life and apply genetic operators like selection, crossover

(recombination), and mutation to a chromosome. The chromosome is constructed by

a representation which assigns a string of symbols to every possible solution of the

optimization problem. For selecting highly fit individuals for reproduction a large

number of different selection schemes have been developed. The most common selec-

tion operator is proportionate selection (also called roulette wheel selection), where

a chromosome is given a probability of being selected that is directly proportionate

to its fitness. We can imagine the entire population forming a roulette wheel with

the size of an individual’s slot proportional to its fitness. The wheel is then rolled

and the figurative ball thrown in. The probability of the ball coming to a rest in any

particular slot is proportional to the arc of the slot and consequently to the fitness of

the corresponding individual.

Crossover produces two new offspring from two individuals by exchanging their sub-

strings. The two most common forms of crossover in GAs are called the one-point and

two-point crossover techniques. In one-point crossover, a position in the chromosome
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is selected at random and the parts of two parents’ chromosomes after the crossover

position are exchanged. For example, the strings (10000100) and (11111111) could

be crossed over after the third locus in each to produce the two offspring (10011111)

and (11100100). In two-point crossover, two positions are chosen at random and the

segments between them are exchanged.

Mutation allows the introduction of new genetic material by slightly changing the

genotype of an individual. For example, the string (00000100) might be mutated

in its second position to yield (01000100). Mutation is important for local search

and helps prevent the GA from getting stuck at a local optimum. The common

mutation operator flips each bit independently with a (small) probability µ, called

the mutation rate. µ must be selected to be at a low level because otherwise mutation

would randomly change too many alleles (bits) and the new individual would have

nothing in common with its parent.

3.3 Fitness Function

The fitness function (i.e., heuristic function, objective function, penalty function, cost

function, etc.) is used to measure the quality of a chromosome within a solution space.

Fitness calculation of each chromosome in a population is the most time consuming

process in a GA. Hence, it must be defined carefully to avoid unnecessary calcula-

tion. The relation between the fitness function and the chromosome representation,

however, is benign and responsible for the immediate success of the algorithm. The
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effectiveness of a fitness function in a GA is measured by the separation quality of

fitness result for each chromosome in a search space Ω.

3.4 An Example

Now we give an example to explain how the GA works. A trivial problem might be

to maximize a function, f(x), where

f(x) = x2, for integer x and 0 ≤ x ≤ 931 (3.1)

Let us consider strings of length 5 in the search space Ω5 , which we identify with the

binary set 0, 1, . . . , 31 where, in an obvious way, 0 and 31 represents chromosomes

(00000) and (11111), respectively. We start with the following initial random popula-

tion P (0), where for each k ∈ P (0) we also calculate the corresponding fitness value

f(k):

P (0) f(k)

01001 81
01010 100
00110 36
10011 361
00001 1
11000 576
10111 529
11001 625
11010 676
00110 36

Note that the maximum value obtained within P (0) is 676 and that the average is 301.
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We proceed to construct the next generation P (1) by first selecting an intermediate

population P ′(0) through the proportionate selection and then applying successively

crossover for each pair of randomly selected parents and mutation to their offspring.

In the table below we indicate by | the randomly selected crossover site and by

underscore the bits where mutation has been applied:

P ′(0) P (1) f(k)

101|11 10100 400
110|00 11011 729
01|010 01001 81
01|001 01010 100
11|000 11001 625
10|001 10000 256
110|10 11001 625
110|01 11011 729
1|1010 11010 676
1|1010 11010 676

Note that the population now has maximal value 729, the maximum of f , and average

fitness 490.

Iterating this procedure, we obtain the populations for the first four generations as

follows:

P ′(1) P (2) f(k) P ′(2) P (3) f(k) P ′(3) P (4) f(k)

110|10 11010 676 110|11 11011 900 1111|0 11111 961
110|10 11010 676 111|11 11111 961 1111|1 11110 900
1101|0 11011 729 110|11 11011 729 11|111 11111 961
1101|1 11010 676 110|11 11011 729 11|111 11111 961
110|11 11010 676 1|1111 11011 729 1101|0 11010 676
110|10 11011 729 1|1111 11111 961 1111|0 11110 900
1|1011 11011 729 1101|0 11011 729 11|110 11111 961
1|1011 11111 961 1101|1 11010 676 11|111 11010 676
1101|1 11011 729 11|011 11111 961 1|1111 11111 961
1101|1 11011 729 11|111 11011 729 1|1111 11111 961

If we look at the evolution of the maximum and the average through these successive
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generations, we find the following values for the maximum value in the population, its

multiplicity (i.e., the number of copies of the best chromosome in a given population)

and the average fitness values:

population max mult avg

P (0) 676 1 301
P (1) 729 2 490
P (2) 961 1 731
P (3) 961 3 810
P (4) 961 6 892

It appears that the string (11111) which corresponds to the maximum of f quickly

starts to dominate the population. For example, we may use the fact that a certain

string accounts for more than a given percent of the chromosomes in a population

as a stopping criterion. We also observe that the average fitness of the population

gradually increases through successive generations.

This example illustrates that the GA does indeed function well, and that each suc-

cessive generation tends to get better (i.e., better fitness values are observed in chro-

mosomes in the population). As the average fitness value in a population increases,

the population contains an increasing number of strings which are close to realizing

the optimum.
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Chapter 4

GA-based Topology Control

Mechanisms

4.1 Introduction

The principal of survival of the fittest is the starting point of GAs which are typically

applied to problems where deterministic or heuristic methods are not present or can-

not provide satisfactory results. In this chapter, we describe our GA-based topology

control mechanisms for spreading autonomous mobile nodes uniformly over a geo-

graphical area [48–50]. In our approach, Wireless mobile nodes adjust their speed

and directions using a GA, where each mobile node exchanges its genetic information

of speed and direction encoded in its chromosomes with its neighboring nodes.

Many applications, such as search and rescue missions, mine-field clearing, and self-
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spreading of assets under harsh and bandwidth limited conditions, utilize uniform

distribution of autonomous mobile nodes controlled by active running software agents

over an unknown geographical area in manets. Typically, at each autonomous mobile

node in a manet, a software agent runs at the application layer; the agent can adjust

the mobile node’s direction and speed by only using the local information available

from its neighbors.

The main objective of our GA-based topology control algorithm used by each mobile

node is to converge toward a uniform distribution in an unknown geographical area

and to reconfigure the team if any member becomes unavailable due to malfunctions

or hostile activities. The GA is used to generate a solution set which includes a

mobile node’s direction and speed in the next time unit. For example, a group of

mobile agents equipped with video cameras could be sent into a disaster site, where

the agents, by running our GA-based topology control algorithm uniformly deploy

themselves to cover the terrain. As they provide video transmission, some of the

agents may be physically blocked by debris or may fail to operate, in which case the

other mobile agents will re-arrange themselves to uniformly cover the area.

A second objective is to have a fully connected network. This objective is an impor-

tant requirement for manets since it provides a multi-hop communication capability

between any two nodes in the network. The network is defined to be fully connected

if all nodes in the network are reachable by other nodes through either one-hop or

multi-hop communication. Furthermore, this communication capability between any

two mobile agents is maintained while the nodes are mobile.
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The third objective is to maximize the area occupied by the mobile agents while mini-

mizing the overlap of the communication coverage of the nodes. The third objective is

to provide an optimum number of neighbors for each node depending on the network

density. The second and third objectives result in better utility of network resources

and less communication overhead due to the use of the minimum required number of

mobile nodes.

4.2 Mobility Model

Figure 4.1: Six nodes distributed within an 8 × 8 hexagonal area partitioned into
logical cells for Rcom = 3.

We have adopted the mobility model introduced by Hökelek et al. [1,31] to represent

the movement of mobile nodes, and how their location and velocity change over time.
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We define a geographical terrain as a two dimensional dmax × dmax area divided into

logical hexagonal cells, where a unique Cartesian coordinate pair (x,y) is assigned to

each cell. Fig. 4.1 shows an area with 64 logical cells and seven mobile nodes; each

node can move into six different directions (D0 through D5 ). A wireless link between

two mobile nodes is represented by a vector whose dimensions are expressed in terms

of layers. One layer is equal to the center-to-center distance between two neighboring

cells. In general, for a mobile node in location (0,0) and another mobile node in

location (x, y), the link state between these nodes is < x, y > (i.e., < x− 0, y− 0 >).

For example, in Fig. 4.1, for a mobile node N3 in location (3,3) and another mobile

node N1 in location (1,5), the vector representing the wireless link between these

nodes is <2,-2>.

Let R be the center-to-center distance between two neighboring cells. A wireless

link between two mobile stations <x,y>, where x and y are integers (0 ≤ x, y ≤

dmax), is called available if two nodes are communicating with each other, otherwise

unavailable. A wireless link is available only if R ≤ Rcom, where Rcom is a positive

integer representing the communication range. In Fig. 4.1, N3 communicates with

N1, N2, N4, and N5 if Rcom = 3. The number of available links of a node is called its

degree (σ). For example, the degree of N3 is 4 for Rcom = 3. The cells that are not

within the transmission range of any manet node are colored in gray.

A wireless link with the state of < x, y > (0 < x, y < dmax) between two mobile

nodes is called available if two nodes are communicating with each other; otherwise

the link is said to be unavailable. For a wireless link < x, y > connecting two mobile
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Table 4.1: The probability distribution for a wireless link to switch from state < x, y >
to state < x′, y′ > taken from [1].
Table 4.1: The probability distribution for a wireless link to switch from state < x, y >
to state < x′, y′ >

x′,y′ x,y x-1,y x-1,y-1 x,y-2 x+1,y-2 x+1,y-1 x+1,y x,y-1 x+2,y-2 x+2,y-1
Probability 6/36 2/36 2/36 1/36 2/36 2/36 2/36 2/36 1/36 2/36

x′,y′ x+1,y+1 x,y+1 x+1,y x,y+2 x-1,y+2 x-1,y+1 x-1,y+2 x-2,y+1 x-2,y
Probability 2/36 2/36 1/36 1/36 2/36 2/36 1/36 2/36 1/36

individual represents candidate speed and movement direction for the node. All

chromosomes in P (0) are evaluated using a fitness score and sorted based on their

fitness values. As mentioned previously, FGA is represented as a minimization prob-

lem, individuals are sorted in descending order of fitness values. Then FGA proceeds

to choose pairs of chromosomes through the roulette principle where the chromosome

probability of being selected is proportional to their fitness values, applies crossover

and mutation, and repeat this process until one obtains a new population P (1); we

then iterate this procedure to obtain successive populations P (t), t > 0 until a termi-

nation criterion is satisfied (e.g., convergence tolerance of the best individuals reaches

a certain limit, fitness value becomes below a predetermined value, or the number of

generations exceeds its limit). If a node running FGA finds a better speed and move-

ment direction that minimize the total virtual force on its current position, it adapts

this new speed and direction; otherwise, it stops. A node continues running FGA

until the condition called stopCrit is satisfied (e.g., the node obtains an acceptable

level of uniformity in its vicinity).
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nodes, after one time unit, each mobile node moves into one of its six neighbor cells

with a probability of 1/6 for each direction. There are 36 possible next link states

and, as some of them will result in the same vector, only 19 possible combinations as

shown in Table 4.1. The direction and speed of movement for all nodes in the network

are determined by our GA-based topology control algorithm running on each node. In

our mobility model, a mobile node is not allowed to move beyond the area boundaries.

For example, the mobile node on cell (0,0) can only move into one of the two different

directions, namely D2 and D3. Suppose node N3 in Fig. 4.1 wants to optimize its

position at time t. Fig. 4.2 shows a possible location of N3 after running our GA-based

topology control algorithm at time t+ 1.

4.3 Force-based Topology Control Algorithm

Our Force-based Topology Control Algorithm (FGA) uses a fitness function inspired

by the force-based distribution in physics where each molecule attempts to remain in

a balanced position and to spend minimum energy to protect its own position [25,46].

In our approach, FGA is run by each mobile node as a stand alone software agent.

A virtual force is assumed to be applied by the neighboring nodes to any given node.

At the equilibrium, the aggregate virtual force applied to a node by its neighbors
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Figure 4.2: Expected location of N3 after running our GA-based topology control
algorithm at (t+ 1) for Rcom = 3.

should sum to zero. If the virtual force is not zero, our agent uses this non-zero

virtual force value in its fitness calculation to adjust the nodes speed and direction

of movement such that the total virtual force on the mobile node will be minimized.

The value of this virtual force depends on the number of neighboring nodes within its

communication range of Rcom and the distance among them [51]. In FGA, a smaller

fitness value indicates a better position for the corresponding node. The following

characteristics make FGA a suitable candidate for manet topology control applica-

tions: (i) the nodes are not required to be pre-distributed, (ii) the nodes have only

the local neighborhood information to adjust their speed and directions, (iii) there is

no central controller, and (iv) it runs as a software agent in each autonomous node.

In our framework, each node maintains a neighborhood information table to keep
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records for its neighboring mobile nodes. A mobile nodeNi runs its GA-based software

agent every ∆T time units to find a better location (i.e., a location to result in a better

fitness value for the node) to move (if exists) based on the information from its local

neighborhood table. If the node cannot find a location to improve its fitness, it

stops moving momentarily. More details of the fitness function used in our FGA are

presented in Section 4.3.2.

Algorithm 4.1 Pseudo-code of our FGA.

while ! (stopCrit) do
for all neighbors do

if Neighbor is in the neighborhood table then
Update the neighbor’s information

else
Add the neighbor’s information into table

end if
end for
g ← 0 (generation counter)
Initialize population P(0)
Evaluate population P(0)
while ! (evolveDone) do
g ← g + 1
Select P(g) from P(g-1)
Crossover P(g)
Mutate P(g)
Evaluate P(g)
if LocationFound then

evolveDone := true
end if

end while
if betterLocationFound then

Move to new location
else

Wait (∆T)
Update neighborhood table

end if
Update stopCrit

end while

A pseudo code describing FGA is show in Algorithm 4.1. An initial population P (0)

26



containing N individuals is randomly generated. Initially the neighborhood informa-

tion table of a given node is updated by the information received from the neighbors

in its communication range. Each individual in P (0) represents a candidate speed

and movement direction for the node. All chromosomes in P (0) are evaluated using

a fitness function and sorted based on their fitness values. As mentioned previously,

FGA is represented as a minimization problem and hence individuals are sorted in

descending order of their fitness values. Then FGA proceeds with choosing pairs of

chromosomes using the roulette wheel principle where a chromosome’s probability of

being selected is proportional to its fitness value. FGA applies crossover and muta-

tion operators on the current population and obtains a new population of P (1). FGA

then repeats this procedure to obtain successive populations of P (t), t > 0, until a

termination criterion is satisfied (e.g., convergence tolerance of the best individuals

reaches a certain limit, fitness value becomes below a predetermined value, or the

number of generations exceeds a limit). If a node running FGA finds a better speed

and movement direction that minimize the total virtual force on its current position,

it adopts this new speed and direction; otherwise, it stops. A node continues run-

ning FGA until the condition called stopCrit is satisfied (e.g., the node obtains an

acceptable level of uniformity in its vicinity).

4.3.1 Chromosomes in FGA

In the mobility model described in the previous section, each mobile node can move

into one of six hexagonal directions in the area of interest (AROI). As an example,
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direction speed

Figure 4.3: 5-bit chromosome.

let us assume that mobile nodes can move at four different speeds. Therefore, six

different directions with four different speeds can be coded into a 5-bit chromosome

(< b4b3b2b1b0 >) as shown in Fig.4.3. The first three bits (< b4b3b2XX >) represent

hexagonal movement directions (< 000 > representing north, < 001 > northeast,

< 010 > southeast, < 011 > south, < 100 > southwest, and < 101 > northwest).

The last two bits of the chromosome (< XXXb1b0 >) are used for defining different

speed values (< 00 > for immobile, < 01 > slower speed, < 10 > normal speed, and

< 11 > faster speed). The speed implies the number of hexagonal cells that a node

can move in one time unit. For example, if our FGA evolves to a chromosome value of

< 01110 >, the corresponding mobile node should move three positions with normal

speed heading south.

4.3.2 Fitness Function for FGA

A fitness function is used to measure the quality of the chromosomes within a solution

space Ω. FGA’s fitness function is based on the virtual forces applied to a node by

its neighboring nodes. The force between two nodes depends on the distance between

them and the number of other nodes within their communication ranges (i.e., the force

from a closer neighbor is greater than a farther one). In our FGA implementation, a
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mobile node uses the total force applied to it by the neighboring nodes located in its

communication range Rcom to decide its next direction and speed. The force exerted

on node Ni by its neighboring node Nj is calculated as:

Fij =

8>>>>>>>><>>>>>>>>:

Fmax if dij = 0

σi (dth − dij) if 0 < dij < dth

0 if dth ≤ dij ≤ Rcom

(4.1)

where, dij is the Euclidean distance between nodes Ni and Nj, dth is the threshold to

define the local neighborhood, and σi is the degree for node Ni.

The force value is used as a part of each node’s fitness calculation in our distributed

FGA. The fitness function fi is given as the sum of all the partial forces that k

neighboring nodes exert on node Ni:

fi =
kX
j=1

Fij =
kX
j=1

σi (dth − dij) for 0 < dij ≤ dth (4.2)

In FGA, the maximum distance that a mobile node can move in one time step is Rcom

units.

Notice that the goal of FGA is to find a set of parameter values (i.e., chromosomes),

such as speed and direction, that minimizes the fitness function fi in Eq. 4.2. The

best fitness value (i.e., the lowest value of force) between nodes Ni and Nj is obtained
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when the two nodes are dth units apart from each other. Similarly, the worst fitness

value corresponds to two nodes that are next to each other (i.e., dij ≈ 0). A smaller

fitness shows a better position for a mobile node.

In our decentralized FGA, a mobile node gathers information about its neighboring

nodes’ speed, direction, and location. Using the fitness function defined in Eq. (4.2),

it generates candidate locations to move in the next time unit. These candidate

solutions are ordered according to their fitness values from the lowest to the highest

values. The lowest fitness value corresponds to the solution representing the least

amount of force applied to the node, and, hence, the best one among the candidate

solutions for that generation.

Theorem 1: Let
Pk
j=1 d

t+1
ij ≥ Pk

j=1 d
t
ij for 0 < dij ≤ dth, and k neighbors for Ni,

then f t+1
i ≤ f t

i .

Proof: From Eqs. 4.1 and 4.2, the force applied to node Ni by its k neighbors is

defined as

f t
i =

kX
j=1

σi
�
dth − d t

ij

�

= σi

�
k · dth −

kX
j=1

d t
ij

�
(4.3)

Similarly,

f t+1
i = σi

�
k · dth −

kX
j=1

d t+1
ij

�
(4.4)
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Since
Pk
j=1 d

t+1
ij ≥ Pk

j=1 d
t
ij , from Eqs. 4.3 and 4.4, we have f t+1

i ≤ f t
i �

Lemma 1: FGA does not let a node Ni move to a location that does not improve

the node fitness.

Proof: Our algorithm guarantees that Ni will not move to a new location where

f t+1
i > f t

i . If the node fitness cannot be improved, Ni will remain in its current

position as can be seen in Algorithm 4.1. �

Lemma 2: There exists k neighboring nodes, called stable cluster SCα, if the sum

of all k cluster node fitnesses is
Pk
j=1 f

t
j = 0.

Proof: The fitness value for a node is defined as a positive number in Eq. 4.2.

Therefore, if
Pk
j=1 f

t
j = 0, it implies that the fitness value for each of the k neighboring

nodes is zero. From Eq. 4.2, fi = 0 requires that node Ni should maintain a separation

distance of dth ≤ dij ≤ Rcom from each stable cluster node Nj ∈ SCα. �

Lemma 3: A stable cluster SCα consisting of k nodes can become unstable when the

fitness of a cluster node Ni ∈ SCα changes such that f t+1
i > f t

i due to a change in

the number of nodes in SCα.

Proof: It is possible that the number of nodes change in SCα to k′ (k 6= k) when other

nodes move into the vicinity of SCα (k′ > k) or when node(s) in SCα malfunction

(k′ < k). In either of these cases, f t+1
i > f t

i causes the cluster nodes to move to a

new location to improve their fitnesses. �
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Figure 4.4: Congestion scenario of n nodes at steps (a) t, and (b) t+ 1.

Theorem 2: If node Ni fitness does not improve such that f t+1
i > f t

i (due to node

congestion in its vicinity) at step (t + 1), node Ni will eventually improve its fitness

in x time units (x ∈ Z+) such that f t+x
i < f t

i if AROI is large enough. Otherwise,

max fitness is reached.

Proof: Suppose we are given an AROI large enough to provide a uniform node

distribution. For the worst case, suppose n nodes are placed within each other’s close

vicinity such that, without loss of generality, each node can only move in one direction

(from left to right) as shown in Fig. 4.4. Based on Lemma 1, a node will not move

unless it improves its current fitness. For simplicity, suppose the separation distance

between two adjacent nodes of Ni and Nj (i 6= j; i, j = 1, . . . , n) is 0 < dij < dth at t.

At step t + 1, no node, except for Nn, can move. Node Nn and its neighboring

node Nn−1 are the only nodes that improve their fitnesses such that f t+1
n < f t

n and
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f t+1
n−1 < f t

n−1 since they get far apart from each other (d t+1
n−1,n = dth). Meanwhile, nodes

N1 through Nn−2 remain in their same locations unable to improve their fitnesses.

At step t + 2, Node Nn−1 moves such as d t+2
n−2,n−1 > d t+1

n−2,n−1 and hence Nn−1 and

Nn−2 improve their fitnesses. At this point in time, node Nn−2 needed to wait t + 2

time units to lower its fitness such that f t+2
n−2 < f t

n−2. Nodes N1 through Nn−3 are

still unable to improve their fitnesses.

At step t+ x, where x ≥ n− 1, node N2 moves and consequently, node N1 improves

its fitness such as f t+x
1 < f t

1 . If N2 cannot move, it implies that the other nodes

are also immobile. In this case the outer level nodes reached the boundaries of AROI

and cannot move any further to improve their fitnesses, which contradicts the main

assumption of this theorem. �

4.3.3 Performance Metrics

4.3.3.1 Normalized Area Coverage

Effectiveness in area coverage (called normalized area coverage, nac) is an important

performance metric for our GA-based topology control algorithm as it measures the

success of mobile nodes’ distribution over AROI . The goal of the FGA is to obtain

the highest possible area coverage. nac is defined as the ratio of the union of covered

areas of each mobile node and the total terrain (areas with duplicated coverage by

multiple nodes are not included). Each node covers the area within its communication
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(a) (b)

Figure 4.5: Intersections of two nodes. (a) d = Rcom/2, (b) d = Rcom.

range of Rcom. nac value is calculated as

nac =

S
i=1,··· ,N Ai

A
− A′

(4.5)

where Ai is the number of total hexagonal cells covered by mobile node Ni, A
′

is the

area covered by obstacles (if any), and A is the total number of logical cells in the

geographical terrain. nac is a real number between 0 and 1, where 1 means that the

area is fully covered by mobile nodes.

If a node is located well inside the geographical area, the full area of a circle around

the node with a radius of Rcom is counted as the covered region (i.e., πR2
com) assuming

that there are no other nodes overlapping with this node’s coverage. If, however, a

node is located near the boundaries of the geographical area, then only the partial

area of the terrain covered by that node is included in nac computation. For example,

for Rcom=3 in Fig. 4.1, nac is equal to 61/64 since four cells are not covered by any

node. For this objective, an agent located on the boundary only partially contributes

to nac. For example, in Fig. 4.1, N6, which is located on the boundary cell, covers

only 12 cells while N3, which is in the middle of AROI , covers 37 cells.
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P
dij = d 0 2 4 6 8 10 20

A1 ∩ A2 314.16 274.23 234.70 195.98 158.53 122.84 0
AT 314.16 354.09 393.62 432.33 469.78 505.48 628.32

Table 4.2: Total and overlap areas of the two nodes in Fig. 4.5 for different values of
d and Rcom = 10.

Figs. 4.5 (a) and (b) show two nodes with separation distances of d = Rcom/2 and

d = Rcom, respectively. Let A1 and A2 be the covered areas of the two nodes shown

in Fig. 4.5. AT can be expressed as:

AT =
n[
i=1

Ai = A1 + A2 − (A1 ∩ A2) (4.6)

For example, assuming a circular area for A1 and A2, AT in Fig. 4.5 is given by:

AT = 2πR2
com − 2R2

comCos
−1

�
d

2Rcom

�
− d

2

È
4R2

com − d2 (4.7)

In Table 4.2, one can notice that AT gets larger and the overlapping region becomes

smaller as the separation distance d increases. The largest value for AT is when

d = 20, which is twice the value of Rcom. However this separation distance is infeasible

because the two nodes are not able to communicate with each other. In our analysis,

the allowed maximum separation distances are such that d ≤ Rcom.

It is possible to use Eq. 4.6 to find a similar relationship for three nodes. Let A1,A2,

and A3 be the covered areas by three nodes, then AT is given by:
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AT = A1 + A2 − (A1 ∩ A2) + A3

−[(A1 ∩ A3) + (A2 ∩ A3)− (A1 ∩ A2 ∩ A3)]

= A1 + A2 + A3 − [(A1 ∩ A2) + (A1 ∩ A3)

+(A2 ∩ A3)] + (A1 ∩ A2 ∩ A3) (4.8)

In order to express Eq. 4.8 more conveniently, we set

S1 = A1 + A2 + A3 (4.9)

S2 = A1 ∩ A2 + A1 ∩ A3 + A2 ∩ A3, and (4.10)

S3 = A1 ∩ A2 ∩ A3 (4.11)

Then we have

AT = S1 − S2 + S3 (4.12)

There is a generalization of Eq. 4.12 that is valid for n nodes. Let A1, . . . , An be the

covered areas for each node. Let us consider n nodes Sr (1 ≤ r ≤ n) as follows

Sr =
X

1≤i1<···<ir≤n
Ai1 ∩ · · · ∩ Air (4.13)

Then we have
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S1 = A1 + · · ·+ An (4.14)

S2 =
n−1X
i=1

nX
j=i+1

Ai ∩ Aj, and (4.15)

Sn = A1 ∩ · · · ∩ An (4.16)

The desired equation for
Sn
i=1Ai is given by:

AT =
n[
i=1

Ai =
nX
r=1

(−1)r−1Sr

= S1 − S2 + · · ·+ (−1)n−1Sn (4.17)

Now, let us show that the increase in the sum of the separation distances among the

nodes increase implies the improved NAC value.

Lemma 4: Let
Pk
j=1 d

t+1
ij ≥ Pk

j=1 d
t
ij for 0 < dij ≤ dth, and k neighbors for Ni;

then nac t+1 ≥ nac t.

Proof: nac is directly proportional to the union of covered area of each node

(
Sn
i=1Ai) as shown in Eq. 4.5. Therefore, larger values of covered area of each node

increases nac value. To get higher values of nac, the overlap areas between nodes

(e.g., S2 in Eq. 4.16) need to be minimized, implying that the separation distance

between nodes should increase. �
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4.3.3.2 Deployment Time

Deployment time is a metric that represents the total time it takes for the mobile

nodes to converge toward a uniform distribution over a geographical terrain. The

deployment time includes the GA processing time, communication overhead and the

time for physically moving the mobile nodes into the desired locations at each iteration

of FGA. This metric is used to analyze two important parameters of FGA. The

first parameter corresponds to the amount of time the mobile nodes have to spend

spreading over an area. The second parameter represents the speed of area coverage

recovery in the case of lost nodes due to equipment malfunctions or hostile activities.

4.4 Mean-node Degree Topology Control Algorithm

In early stages of our research, we adapted the analytical mean node degree calculation

from [1, 52] to construct the appropriate fitness function for our GA-based topology

control algorithm called Mean-node Degree Topology Control Algorithm (MDGA). In

Ref. [52], the mean node degree (N) is analytically derived as an approximation of the

optimum number of neighbors yielding to an uniform node distribution in manet.

N depends on the geographic area size, the communication range (Rcom), and the

number of mobile nodes in the network. N plays a crucial role in determining the

convergence of MDGA and we conjecture that the near-optimal agent deployment

can be achieved if a mobile node maintains its node degree approximately around N .
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We studied the effectiveness of MDGA and compared them to random-walk and Hill

Climbing approaches. Three different sets of experiments where conducted, where

mobile agents constantly move using the directions and speeds determined by the

GA (Case 1), stop intermittently once a perfect fitness is obtained until other agents

move into their vicinity (Case 2), and stop permanently with their close neighbors

once a perfect fitness is obtained (Case 3). We also developed a Java-based simulation

software to study the performance of these cases with respect to nac, average fitness

values, average traveled time, and convergence.

4.4.1 Fitness Function for MDGA

0.5

1.0

~ ~

N + 1 N + 2N - 1N - 2

0

N

Figure 4.6: Fitness function with step distribution for MDGA algorithm.

The fitness function used in MDGA is designed such that, for a node Ni, it yields

the highest fitness value if the number of neighbors σ (degree) for node Ni is within

the range of x < σ < y, where x and y are integers. The agent nodes whose degrees

are not in this range will have lower fitness values. x and y are set to the values

around the mean node degree, which is calculated analytically. The generalized step
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Table 4.3: Numerical results of N for different sets of N and Rcom (ntot=50).
N 60 80 100 120 150 60 80 100 120 150
Rcom 10 10 10 10 10 12 12 12 12 12
N 2.59 3.48 4.36 5.24 6.56 3.68 4.93 6.18 7.42 9.30

function used as the fitness function in our study is shown in Fig. 4.6 where the node

degree yielding the best fitness is represented as N . Since the optimum node degree

changes with the agents’ locations relative to the area boundaries, our GA fitness

function uses this generalized function as an approximation. In this fitness function,

if the number of neighbors of a node is between N − 1 and N + 1, the node’s fitness

is honored with a 1.0. If the node degree is either N − 2 or N + 2, the fitness is set

to 0.5. A mobile agent has a fitness of 0.0 when its number of neighbors is either less

than N − 2 or greater than N + 2. For example, suppose there are 100 mobile agents

in a hexagonal lattice, and the communication range, Rcom, of any agent is 10 layers.

In this case, the mean node degree, N , is computed as 4.36. Hence, the fitness of

a mobile agent will result in 1.0 when it has either 3, 4, or 5 neighbors; if the node

has either 2 or 6 neighbors, its fitness will be 0.5. For other values of the number of

neighbors, the node fitness will be 0.0.

Table 4.3 shows the calculated numerical value of N for different network densities [1,

52]. N , is used for assigning the fitness function values for the related number of

nodes and communication range.
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4.4.2 Tournament

As mention in Chapter 3, the tournament chooses two genotypes from the gene pool,

compares them, and then permits the one with the better fitness to reproduce. In

other words, by using the elitist policy, the best individuals are selected for the

reproduction of the new generation. In MDGA, each mobile agent randomly selects a

neighbor to perform the tournament, where the paired agents exchange their fitness

information with each other to decide the winner agent of the tournament.

We studied different approaches to perform the tournament mechanism for the knowl-

edge sharing bio-inspired agents to obtain a uniform distribution of the nodes over a

geographical terrain. All cases utilize the same fitness function described in Section

4.4.1; however, each case has a different speed adjustment procedure as described

below.

Case 1: Two mobile agents that have been selected as a couple exchange their genetic

material. The mobile agent with the lower fitness value adapts the chromosomes of

the fitter agent (i.e., the losers adapt the speed and the direction of the winners) [53].

Case 2: One may argue that if a mobile agent reaches a higher fitness value, it should

keep its current position and hence should decrease its speed. Adversely, the nodes

whose fitness values are low should increase their speeds to move into areas that will

yield better fitness values. We introduce Case 2 to evaluate effectiveness of such a

mechanism in terms of improving the mobile agent distribution. In Case 2, a pair

of mobile agents that are selected for tournament adjust their speeds and directions
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based on the genetic material that they exchange with each other. However, the

agents with better fitness slow down while the ones with lower fitness speed up. If a

mobile agent’s fitness value eventually reaches to value of one (i.e., the highest fitness

value), it stops moving. A stopped node may start moving again later if either other

nodes come into its vicinity or its current neighbors move away from it, which causes

the node’s fitness value to be less than one (recall that if a mobile agent has too

many or too few neighbors, its fitness value will be below one as shown in the fitness

function in Fig. 4.6).

Case 3: In this case we explore a different approach such that the nodes in relatively

better positions influence the behavior of their neighbors to obtain a uniform distri-

bution of the mobile agents into a geographical terrain. In Case 3, a nodes is classified

as either a leader, follower, or a non-follower, depending on its current relative

position with respect to its neighboring agents. A node is considered a leader if it

has the optimum number of neighbors (i.e., its node degree is equal to the mean node

degree N). A node becomes a follower if one of its neighbors is a leader. The nodes

that are not classified as either leaders or followers are labeled as non-followers.

At any given time, during the tournament, a non-follower mobile agent becomes a

leader if its fitness value is one (i.e., its number of neighbors is equal to N), none

of its neighbors is a leader (two leaders cannot be neighbors) and it does not have

any follower neighbors (leaders do not share any followers). If a node satisfies

these conditions, it calls itself a leader and notifies its neighbors that they are now to

become its followers. Once a node becomes a leader and its neighbors followers,
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they form a so-called cluster and stop moving. The followers then adjust their rela-

tive positions around the leader so that they are from equidistant from the leader.

Once a cluster is formed, its members never move again.

4.4.3 Crossover and Mutation

The crossover operator produces two offspring chromosomes for each generation. For

Case 1 experiments, each mobile node selects a mate different than the tournament

mate to perform the crossover. Then each couple decides on a random crossover point

and exchanges genetic information based on that crossover point. As a result, each

couple will have an offspring heavily influenced by the winners of the tournament for

this generation as explained in Chapter 3. Based on the crossover operation, each

mobile node will have a new speed and direction. In the experiments for Case 2, all

but the stopped nodes participate in the crossover operation as described for Case 1.

However, a stopped node may also participate in the crossover if, at some point in

the future, its fitness value becomes less than one due to the nodes moving into or

out of its vicinity. In Case 3, however, since the stopped nodes of each cluster, one

leader and its followers, never move again, they do not participate in the crossover

operation once they stop moving.

For mutation, almost any operation that changes the order of genes within a chromo-

some or that changes a gene’s value (e.g., its location or direction) is a valid mutation

operator. The chosen mutation operator iterates over all genes and mutates each with
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some low probability of mutation (µ). The stopped nodes of Cases 2 and 3, which do

not participate in the crossover, will not perform mutation either (See Chapter 3).
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Chapter 5

Dynamical System Model

We apply Vose’s dynamical system model [40] to study the convergence of our de-

centralized topology control mechanism (FGA) where a genetic algorithm (GA) is

run by each autonomous mobile node to achieve a uniform spread over an unknown

geographical area. The dynamical system model calculates the cumulative effects of

GA operators of selection, mutation, and crossover as a population evolves through

generations. This model provides expected population distribution after each gen-

eration by observing the changes in the chromosomes. Also, using this model, it is

possible to analyze the effect of the initial population on the final convergence of our

FGA.

Dynamical system model uses the information in the past populations to create the

state of the current population. Due to the nondeterministic nature of the genetic

operators, we cannot exactly predict what the next population will be. However, we
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can calculate the probability distribution over the set of possible populations defined

by the genetic information of the past populations (or states) to estimate the expected

next population.

As the size of a population grows, the probability that the next state of a population

will be the targeted one approaches to one since the chance that copies of the best

chromosome will be included in the population increases. In this case, the ga behavior

becomes less stochastic but more deterministic, and, hence, the trajectory of expected

next population gives a relatively safe indication of the actual ga behavior.

5.1 Population Representation

Let Ω denote the search space, and n the cardinality of Ω. Then, using a fixed-length

binary string representation, Ω = {0, 1}`, where ` is the string length. We will identify

the elements of Ω with the integers in the range of [0, n).

A population P can be represented as an incidence vector: P = 〈P0, P1, . . . , Pn−1〉,

where Pk is the number of copies of individual k ∈ Ω in the population, hence

Pn−1
k=0 Pk = N , where N is the population size. To obtain a more general representa-

tion, we can also describe the population as a population vector p = 〈p0, p1, . . . , pn−1〉,

in which pk is the proportion that an individual k ∈ Ω appears in the population.

For example, suppose that a population consists of {10, 00, 01, 10, 11, 10, 00, 10, 10, 11}

for ` = 2, ; therefore, N = 10 and p0 = 0.2 since the individual 00 appears twice in
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Figure 5.1: The simplex of possible populations when (a) n = 2, (b) n = 3, and
(c) n = 4.

the population. For this example, p = 〈0.2, 0.1, 0.5, 0.2〉.

Properties of population vectors are:

• p is an element of the vector space Rn (addition and/or multiplication by scalar

produce other vectors within Rn)

• Each entry pk must lie in the range [0, 1]

• All entries of p sum to 1 (
Pn−1
k=0 pk = 1)

The set of all vectors in Rn that satisfy these properties is called a simplex and

denoted by Λ. A simplex can be seen as either the set of population-size-independent

representations of populations, or the set of probability distributions over Ω. In

general,

Λ =

(
p ∈ Rn : pi ≥ 0 and

n−1X
i=0

pi = 1

)
(5.1)

We can now view the actions of our FGA on a population as a trajectory of vectors p ∈

Rn. When n = 2, the simplex is a straight line segment in the plane R2, running from

47



〈1, 0〉 to 〈0, 1〉 as shown in Fig. 5.1(a). All real populations correspond to points within

the simplex. However, since components in the corresponding population vectors must

be rational numbers not all points in the simplex correspond to finite populations.

Therefore, only those rational points with common denominatorN correspond to valid

population vectors. For example, vertex 〈1, 0〉 represents populations with copies of

individual 1 only. The points in between are populations containing a mixture of

individuals. When n = 3 and n = 4, the simplex is a triangle embedded in R3

(Fig. 5.1(b)) and a tetrahedron embedded in R4 (Fig. 5.1(c)), respectively.

5.2 Discrete-time Dynamical System

FGA can be described through a heuristic function G(p) : Λ→ Λ, where G(p) contains

all the details of selection , crossover, and mutation operators represented by F , C, and

U heuristic functions, respectively. In other words, G(p) = U(C(F(p))) = U ◦C ◦F(p)

where G(p) is a discrete-time dynamical system that has the following interpretations:

• G(p) is the expected next generation population

• G(p) is the limiting next population as the population size goes to infinity

• G(p)k is the probability that k ∈ Ω is selected to be in the next generation

Later sections describe each of the three heuristic functions in more detail.
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5.3 Selection

Selection is the first operator in FGA. In order to construct our model, we first define

selection heuristic function F(p) : Λ → Λ. Let p = (p0, p1, ..., pn−1) be our current

population and the probability Pr(k) that any individual k will be selected for the

next population is given by:

Pr(k) =
fkpkPn−1
i=0 fipi

(5.2)

where fi represents the fitness value of individual i ∈ Ω. Then the fitness proportional

selection operator F(p) expressed in terms of matrices as

F(p) =
diag(f)p

fTp
(5.3)

where f is the fitness function expressed as a vector (fk = f(k)), diag(f) is the

diagonal matrix with entries from vector f along its diagonal, and fTp is the average

fitness of the population p (inner product of vectors f and p).

We now give an example which we will continue through the remaining sections.

Let ` = 2, N = 10, initial population P = 〈2, 1, 5, 2〉, and fitness function f(x) = x2.

This gives p =
¬

1
5
, 1

10
, 1

2
, 1

5

¶
, f0 = 0, f1 = 1, f2 = 4, and f3 = 9. Using Eq. (5.3), we

calculate F (p) as follows:
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F(p) =

2666666664
0 0 0 0

0 1 0 0

0 0 4 0

0 0 0 9

3777777775

2666666664
0.2

0.1

0.5

0.2

3777777775

�
0 1 4 9

�
2666666664

0.2

0.1

0.5

0.2

3777777775

=

2666666664
0

0.1

2.0

1.8

3777777775
3.9

=

2666666664
0

0.0256

0.5128

0.4615

3777777775
(5.4)

If proportional selection is the only genetic operator, then G = F and we now have

the evolutionary equation for G.

5.4 Crossover

Crossover operator never changes the number of zeros or ones in a given chromosome

pair, but only shuffles their bits. In our algorithm, we use one-point crossover (1X)

where a crossover point is chosen at random from the numbers 1, . . . , `−1, and a new

chromosome is produced by combining the pieces of the original parent chromosomes.

For instance, if we combine parent chromosomes a0a1a2a3 and b0b1b2b3 with a crossover

point of 2, the offspring chromosomes would be a0a1b2b3 and b0b1a2a3.

Crossover can be easily written as a binary string or mask when implementing

crossover operator in a computer algorithm. Therefore, any linear crossover oper-

ator is represented by a vector m ∈ Ω so that the offspring of parents a and b are

a ⊗ m ⊕ b ⊗ m and a ⊗ m ⊕ b ⊗ m, where m is the complement of m, and ⊗,⊕
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denote component-wise multiplication and addition respectively. For example if we

have parents (01011) and (10110), the mask (11100) indicates that we take the first

three bits of the first parent and the last two from the second parent to produce

(01010).

The effects of applying crossover can be represented with the crossover heuristic

function C(p) : Λ → Λ such that the kth component of C(p) is the probability that

individual k ∈ Ω results from applying crossover to population p.

The probability that a given chromosome k is created by applying the crossover

operator to a population p is found by summing over all the possible ways this can

happen. Hence, C(p) is defined as:

C(p)k =
X
i,j

pipjr(i, j, k) (5.5)

where individuals i, j ∈ Ω, and r(i, j, k) is the probability of creating chromosome k

from parent chromosomes i and j.

One-point crossover is not symmetric, so that r(i, j, k) 6= r(j, i, k), however we can

define symmetric matrices Mk having (i, j)th entries as:

Mk =
1

2
(r(i, j, k) + r(j, i, k)) (5.6)

Therefore,

C(p)k = pTMkp (5.7)
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To continue the example started in the previous section, there are two valid masks

m ∈ Ω for ` = 2 that represent one-point crossover. They are m = 2 = (10) and

m = 3 = (11) with probabilities µc and (1 − µc), respectively. We now calculate

r(i, j, 0), the probability that individuals i and j cross to form individual 0 = (00)

with a crossover rate of µc using m = 2 = (10) and m = 3 = (11):

r(i, j,0) =

2666666664
µc + (1− µc) µc 0 0

1− µc 0 0 0

µc + (1− µc) µc 0 0

1− µc 0 0 0

3777777775
(5.8)

For example, to produce 0 = (00) from parents 0 = (00) and 2 = (10), we can use

either mask (10) in view of (00)⊗ (10)⊕ (10)⊗ (01) = (00), or mask (11) in view of

(00)⊗ (11)⊕ (10)⊗ (00) = (00). The probability is clearly µc + (1− µc), since either

the first bit must come from 0 and the other from 2 with probability µc, or both bits

come from 0 with probability (1− µc).

We now proceed to calculate r(j, i, 0), the probability that individuals j and i cross

to form individual 0 = (00) using m = 1 = (01) and m = 0 = (00):

r(j, i,0) =

2666666664
µc + (1− µc) 1− µc µc + (1− µc) 1− µc

µc 0 µc 0

0 0 0 0

0 0 0 0

3777777775
(5.9)

From the matrix above, we can see that the probability of producing 0 = (00) from

parents 0 = (00) and 2 = (10) is zero since offspring (00)⊗ (01)⊕ (10)⊗ (10) = (10)
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and (00)⊗ (00)⊕ (10)⊗ (11) = (10) do not result in individual 0 = (00).

We now combine matrices r(i, j, 0) and r(j, i, 0) to obtain symmetric matrix M0 using

Eq.(5.6):

M0 =
1

2
(r(i, j, 0) + r(j, i, 0)) (5.10)

M0 =

2666666664
1 1

2
1
2

(1−µc)
2

1
2

0 µc

2
0

1
2

µc

2
0 0

(1−µc)
2

0 0 0

3777777775
(5.11)

And doing this for each individual k ∈ Ω, we have

C(p) =
�
pTM0p, p

TM1p, . . . , p
TMn−1p

�
(5.12)

In the same manner as M0 was concluded, M1 is calculated as

M1 =
1

2
(r(i, j, 1) + r(j, i, 1)) (5.13)

M1 =

2666666664
0 1

2
0 µc

2
1
2

1 (1−µc)
2

1
2

0 (1−µc)
2

0 0
µc

2
1
2

0 0

3777777775
(5.14)

The probabilities in each matrix Mk are exactly those that are in M0, but shuffled

around according to the permutation matrix αk. Therefore, we only have to calculate

M0 (mixing matrix ) to capture the whole effect of crossover. This means that

Mk = αkM0α
T
k for each k ∈ Ω (5.15)
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In order to calculate permutation matrix αk, we consider each element within Ω as a

group under bitwise addition (modulo 2). In our example, the group table for addition

is:

00 01 10 11

00 00 01 10 11

01 01 00 11 10

10 10 11 00 01

11 11 10 01 00

(5.16)

The element 0 = (00) is the identity in this group. The corresponding permutation

matrices are

α0 =

2666666664
1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

3777777775
α1 =

2666666664
0 1 0 0

1 0 0 0

0 0 0 1

0 0 1 0

3777777775

α2 =

2666666664
0 0 1 0

0 0 0 1

1 0 0 0

0 1 0 0

3777777775
α3 =

2666666664
0 0 0 1

0 0 1 0

0 1 0 0

1 0 0 0

3777777775

(5.17)

In general, we can observe that for any given αk, a 1 is set where entry (i, j)th in

Table 5.16 is equal to k. For instance, for α2, a 1 is placed where entry (i, j)th is equal

to i⊕ j = 2 = (10), otherwise a 0 is assigned.

To continue with our example, let us assume µc = 0.4, hence the complete set of

matrices for this crossover operator using Eq.(5.15) are:
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M0 =

2666666664
1 0.5 0.5 0.3

0.5 0 0.2 0

0.5 0.2 0 0

0.3 0 0 0

3777777775
M1 =

2666666664
0 0.5 0 0.2

0.5 1 0.3 0.5

0 0.3 0 0

0.2 0.5 0 0

3777777775

M2 =

2666666664
0 0 0.5 0.2

0 0 0.3 0

0.5 0.3 1 0.5

0.2 0 0.5 0

3777777775
M3 =

2666666664
0 0 0 0.3

0 0 0.2 0.5

0 0.2 0 0.5

0.3 0.5 0.5 1

3777777775

(5.18)

Now, we calculate C(p) using Eq.(5.7)

C(p)k = F(p)TMkF(p) =

2666666664
0.0053

0.0204

0.5076

0.4668

3777777775
(5.19)

5.5 Mutation

The mutation operator randomly changes a bit with usually a small probability in

order to provide diversity to a population and protect against getting stuck in a local

optima. Mutation can be defined by means of mutation masks. If j ∈ Ω, then the

result of mutating j using a mutation mask m ∈ Ω is j ⊕m. The mutation heuristic

is defined by giving a probability distribution µ ∈ Λ over mutation masks. In other

words, µm is the probability that m ∈ Ω is used. Given a population p ∈ Λ, the

mutation heuristic U(p) : Λ→ Λ is defined by
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U(p)k =
X
j∈Ω

µj⊕kpj (5.20)

where µj⊕k is the probability that an individual j mutates to an individual k using a

mutation mask m ∈ Ω. The contribution of mutation can also be described in terms

of a n× n matrix U called mutation matrix that directly gives the effect of mutation

on a population vector. Hence, Eq.(5.20) can simply be shown as

U(p)k = Up (5.21)

We continue the numerical example. Let us assume µm = 0.1, then the mutation

matrix U is

U =

2666666664
(1− µm)2 (1− µm)µm µm(1− µm) µ2

m

(1− µm)µm (1− µm)2 µ2
m µm(1− µm)

µm(1− µm) µ2
m (1− µm)2 (1− µm)µm

µ2
m µm(1− µm) (1− µm)µm (1− µm)2

3777777775
(5.22)

U =

2666666664
0.81 0.09 0.09 0.01

0.09 0.81 0.01 0.09

0.09 0.01 0.81 0.09

0.01 0.09 0.09 0.81

3777777775
(5.23)

Now, we calculate U(p) using Eq.(5.21)

U(p) = UC(p) (5.24)
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U(p) =

2666666664
0.81 0.09 0.09 0.01

0.09 0.81 0.01 0.09

0.09 0.01 0.81 0.09

0.01 0.09 0.09 0.81

3777777775

2666666664
0.0082

0.0632

0.2775

0.6510

3777777775
=

2666666664
0.0564

0.0641

0.4538

0.4257

3777777775
(5.25)

5.6 Remarks

1 2 3 4 5 6 7 8 9 10
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Generations

k = 0

k = 2

k = 3

k = 1

Figure 5.2: Expected population for 10 generations.

Fig. 5.2 shows the expected next generation population for all four chromosomes

of length ` = 2 in our numerical example. Chromosome 3 = (11) has the highest

probability to survive in the entire solution space with a probability of 0.7441 after

10 generations. Chromosomes 0,1 and 2 have probabilities of 0.0176, 0.0924, and

0.1459 respectively.

As we can see from the example, the dynamical system model takes into account

the construction and destruction of strings (chromosomes) by considering all possible
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f0 = 0.7262 f8 = 0.7262 f16 = 0.7262 f24 = 1.0
f1 = 0.5446 f9 = 0.3631 f17 = 0.7262 f25 = 1.0
f2 = 0.5446 f10 = 0.1815 f18 = 0.5446 f26 = 1.0
f3 = 0.1815 f11 = 0.0 f19 = 0.3631 f27 = 1.0
f4 = 0.7262 f12 = 0.7262 f20 = 0.7262 f28 = 1.0
f5 = 0.5446 f13 = 0.7262 f21 = 0.5446 f29 = 1.0
f6 = 0.8 f14 = 0.5446 f22 = 0.3631 f30 = 1.0
f7 = 0.1815 f15 = 0.9631 f23 = 0.0908 f31 = 1.0

Table 5.1: Normalized fitness values for a chromosome of length ` = 5.

ways of performing crossover and mutation operators in a GA. In the most general

case (e.g. one point crossover) every string in the search space Ω can potentially

be constructed. This effect can be captured by a matrix to represent the effects of

recombination, where the strings or vectors are indexed from 0 to (2`− 1). The entry

(i, j, k)th of this array gives the probability that vectors i and j will recombine to

produce vector k. The effect of mutation is similar to represent, but since only one

string is involved, it is rather easier.

5.7 Estimating FGA behavior

We now apply the dynamical system model to predict the behavior of FGA in a typical

scenario. The dynamical system model will help us to calculate the cumulative effects

of ga operators as a population evolves through generations. Using the same mobility

model introduced in Section 4.2, Fig. 5.3 displays five nodes distributed within an

8× 8 hexagonal grid. We assume that all nodes remain in the same position all times

except node N3. N3 runs FGA in order to optimize its position and consequently,

nac. Gray out cells are not within the transmission range of any manet node.
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Figure 5.3: Example: mobile nodes at t with Rcom = 3.

As mentioned in Section 4.3.1, each chromosome (candidate solution) is encoded

using a bit string of length ` representing different combinations of the node’s speed

and direction. The chromosomes represent different combinations of node speed and

direction. To keep the example simple, let us use chromosomes of short length than

the 18-bit chromosomes adapted in our implementations, otherwise the calculations

and matrices’s dimensions will grown exponentially. In the hexagonal grid, N3 can

move in one of 6 different directions, therefore the node’s direction and speed are

encoded using 3 bits and 2 bits, respectively. Therefore, the chromosome length is

set to ` = 5, which requires a solution space Ω with a size of 2` = 32. Without using

this simplification, the solution space of our model would be 218 = 262, 144.

Tables 5.1 shows the normalized fitness values for chromosomes of length ` = 5. For

instance, chromosome 6 = (00110) represents the node heading Northeast with a
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F(p)0 =
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0
0
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0
0
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0
0
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0
0
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1

Figure 5.4: Expected population distribution after (a) F , (b) C, and (c) U operators
for population vector p after one generation.

F(p)40 =
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Figure 5.5: Expected population distribution after (a) F , (b) C, and (c) U operators
for population p after 40 generations.
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speed of 2. As a result the node’s next move could be toward cell (5, 2). Notice

in Table 5.1 that chromosome 6 with a high fitness value of f6 = 0.8 among the

other candidate solutions; since fga favors smaller fitness values, chromosome 6 has

little expectations that copies of itself will be included in forthcoming populations

compared to, say, chromosome 10 with a fitness of 0.1815. Let us start with a

random initial population P consisting of chromosomes 0, 7, 10, 23, and 30, two

copies of chromosome 3, and three copies of chromosome 26. Using Eq. (5.3), we

can calculate F (p) for FGA as shown in Fig. 5.4(a). After applying the selection

operator to population P , chromosome 3, with two copies in the initial population,

has the highest probability (0.3673) of being selected for crossover. On the other

hand, chromosome 26 with three copies in population P , has zero probability that

copies of itself will be selected due to its high fitness value of f26 = 1. Recall that

the goal of FGA is to find candidate solutions that minimize the fitness function

shown in Eq. 4.2. Using Eq. (5.7) with a crossover probability of c = 0.5, we obtain

C(p) as shown in Fig. 5.4(b). We observe from Fig. 5.4(b) that chromosome 3 still

remains the individual with the highest probability to survive at the next generation

after crossover operation. Also notice that most of the 32 chromosomes have non-

zero probabilities compared with the values of F (p) in Fig. 5.4(a), which implies that

FGA developed a non-zero possibility of survival for many individuals after crossover

operation. For a mutation probability µ = 0.01, U(p) is calculated using Eq. 5.20 as

shown in Fig. 5.4(c). Chromosome 3 has the highest probability of surviving and be

a part of the next generation population, with probability of 0.3511.
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Figure 5.6: Expected population distribution for chromosomes of length ` = 5 with
µ = 0.01 and c = 0.5, after 40 generations.
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Figure 5.7: Expected population distribution of chromosome 11 = (01011) for differ-
ent mutation rates µ after 40 generations.
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Figure 5.8: Expected population distribution of chromosome 11 = (01011) for differ-
ent crossover rates c after 40 generations.

Fig. 5.5 shows the expected population distribution after 40 generations. Chromosome

11 = (01011) has the highest probability to survive in the entire solution space with a

probability of 0.8491 after 40 generations. We observe the similar result from Fig. 5.6

where the expected generation population for all 32 chromosomes of length ` = 5

during 40 generations are displayed. The probabilities of crossover (c) and mutation

(µ) are set to 0.5 and 0.01, respectively. In Figs. 5.5 and 5.6 chromosome 11 represents

N3 bearing Southeast with a speed of 3: we expect N3 to be located in cell (6, 5) at

(t+ 1) after running FGA (Fig. 5.9).

Figs. 5.7 and 5.8 examine the effect of mutation and crossover in FGA. They show

the expected population distributions of chromosome 11 = (01011), the fittest chro-

mosome in our example, for different mutation and crossover rates. Small changes in
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the mutation rate µ cause a significant impact in the GA’s trajectory (Fig. 5.7). As

mutation increases, chromosome 11 gets weaker, and it is more likely that it (and any

offspring) will die out. On the other hand, Fig. 5.8 shows that changes in the value of

crossover rate c do not have a major impact on the expected population distributions

of chromosome 11.

Figure 5.9: Expected N3 location after running FGA at (t+ 1) with Rcom = 3.

In Figs. 4.1 and 5.9, white cells are covered by at least one mobile node while gray

cells are not covered by any node. nac improves from 61/64 ≈ 95% (Fig. 4.1) to

64/64 = 100% after 40 generations of FGA (Fig. 5.9 ).
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Chapter 6

Markov Chain Model for FGA

We show how to calculate the probabilities for all chromosomes (i.e., the candidate

locations) of a mobile node for the next (t+1)th time unit by applying the dynamical

system model to our FGA topology control algorithm in Chapter 5. The dynamical

system model also gives a relatively safe indication of the FGA behavior since the

trajectory of expected next population becomes less stochastic and more deterministic

as the populations evolve through generations. Therefore, the heuristic function G(p)

representing FGA introduced in Section 5.2 can be understood as a collection of

random variables.

In this chapter, we introduce a Markov chain model to represent the different node

configurations that a MANET with N nodes can occupy. In this model, a state

si, where si ∈ S = {s1, s2, . . . , sr}, represents a geometric configuration of mobile

nodes. It is assumed that multiple nodes cannot be in the same location and that if
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at least one mobile node is isolated (i.e., the node has no neighbors) the geometric

configurations are considered as invalid states. Fig. 6.1 shows examples of valid

and invalid states for our Markov chain model when Rcom = 2 and there are three

mobiles nodes within the network. The states shown in Figs. 6.1(a) and 6.1(b) are

considered valid states because the network is fully connected, meaning that all nodes

in the network are reachable by other nodes through either one-hop or multi-hop

communication. However, the states in Figs. 6.1(c) and 6.1(d) are considered invalid

states since there is at least one isolated node in those configurations.

Figure 6.1: Examples of our Markov chain model for Rcom = 2 and N = 3: (a,b) are
valid states, while (c,d) are invalid states.
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The number of valid states, SV al, for a given MANET can be calculated as the

number of permutations of a set without repetition minus the number of invalid

states, SInv:

SV al =
(dheight × dwidth)!

N ! · (dheight × dwidth −N)!
− SInv (6.1)

where (dheight × dwidth) is the size of the hexagonal grid and N is the total number

of mobile nodes. Examples of the number of valid states for various communication

ranges of Rcom and hexagonal grid sizes are given in Table 6.1.

Table 6.1: Number of valid states for different Rcom and hexagonal grid sizes.

Hexagonal Grid sizes
Rcom 3× 3 4× 4 5× 5 6× 6 7× 7 8× 8 9× 9

1 32 82 154 248 364 502 662
2 81 358 857 1554 2449 3542 4833
3 84 540 1752 3856 6819 10574 15121
4 84 560 2227 5916 12033 20614 31539
5 84 560 2298 6932 15995 30362 50309

A transition matrix Q is a numerical representation of a Markov model specifying

the probability that a system will transition from one state si to another state sj

in a single time unit. A right stochastic matrix has an equal number of rows and

columns and each of the rows has a sum of 1, thus signifying that there are no hidden

states [54]. Given the locations of a set of mobile nodes at time t, the probability that

they will move from a given configuration (i.e., a state) to any other configuration at

time (t + 1) can be calculated using the dynamical system model. Thus, for a given

MANET, a one-step memoryless transition matrix for FGA can be generated. It is

important to note that we are not concerned with the identity of the node that has
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moved from one location to another, merely, the change in the geometric configuration

of the mobile nodes in a given transition.

6.1 Homogeneous Finite Markov Chains

A homogeneous Markov chain on a finite space S having an initial distribution ν(s)

(i.e., the probability of being in a particular state) has a transition matrix that is the

same at every instant of time (i.e., Qi = Q, where i = 1, 2, · · · ). Given this definition,

the system is considered memoryless. The distribution of states s ∈ S at times

t ≥ 0 is given by Q(t)(s0, · · · , sn) = ν(s0)Q1(s0, s1) · · ·Qt(sn−1, sn). A useful subset of

Markov chains includes those that are ergodic because it has been proved that they

will eventually converge to a stationary distribution [54–56]. For a transition matrix

to be ergodic, it must be both irreducible and aperiodic.

A Marvok chain is considered irreducible if all states can be reached from all others.

In a Markov chain (X0, X1, . . .) with state space S = s1, . . . , sk and transition matrix

Q, a state si communicates with another state sj , writing si → sj, if the chain has

positive probability of ever moving to sj starting from si. If si → sj and sj → si, we

say that the states si and sj intercommunicate, and write si ↔ sj.

Definition 1: A Markov chain (X0, X1, . . .) with state space S = {s1, . . . , sk} and

transition matrix Q is said to be irreducible if for all si, sj ∈ S we have that si ↔ sj;

otherwise the chain is said to be reducible.
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S1 S2

S1 S2 S3

S2S1 S2S1 S3

Figure 6.2: Markov chain models when N = 2 Rcom = 1 for (a) 3 × 1 and (b) 4 × 1
hexagonal grids.

Definition 2: A state si of a Markov chain is called absorbing if it is impossible to

leave it (i.e., Qsisi
= 1); a Markov chain is absorbing if it has at least one absorbing

state, and if from every state it is possible to go to an absorbing state (not necessarily

in one step).

For instance, there are no absorbing states in any of the two Markov chains shown in

Figs. 6.2(a) and (b) for our FGA topology control algorithm with different network

parameters, since Qsisi
6= 1 for all si ∈ S.

Lemma 5: A Markov chain model for our FGA topology control algorithm is irre-

ducible if and only if Q(Tsj
<∞|s0 = si) > 0 for all si, sj ∈ S assuming Q0(s0 = si)

and Tsj
is the shortest number of steps from si to sj (i.e., the probability of moving

from one configuration state to another in finite time is non-zero).

Proof: Suppose there exists integers n, m such that Qn
sisk

> 0 and Qm
sksj

> 0.
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If l = n + m, then Ql
sisj

> Qn
sisk

Qm
sksj

> 0 by using the Chapman-Kolmogorov

equations [57]. Therefore, we conclude that the Markov chain can go from si to sj

by first going from si to sk in n steps, and then (independent of the past) going from

sk to sj in additional m steps. Moreover the state space S can be only partitioned

in one communicating class C (that is, if every state is accessible from every other),

hence S = C and the chain (and its transition matrix Q) is said to be irreducible. �

If we consider the chain in Fig. 6.2(b) for N = 2, Rcom = 1 and a 4 × 1 hexagonal

grid, wee see that the state space S = {1, 2, 3} cannot be broken into disjoint subsets.

Hence, there is only one communicating class C = S where the set of states C =

{1, 2, 3} all communicate with one another.

For a finite or infinite set {a1, a2, . . .} of positive integers, gcd {a1, a2, . . .} is the great-

est common divisor of a1, a2, . . .. The period d(si) of a state si ∈ S is defined as

d(si) = gcd {n ≥ 1 : (Qn)i,i > 0}. In other words, the period of si is the greatest com-

mon divisor of the set of times that the chain can return to si, given that we start

with s0 = si. If d(si) = 1, then the state si is aperiodic.

Definition 3: A Markov chain is said to be aperiodic if all its states are aperiodic.

Otherwise the chain is said to be periodic.

Lemma 6: In a Markov chain for our FGA topology control algorithm, d(si) = 1

for all states si ∈ S, hence the Markov chain is aperiodic.

Proof: Any state is accessible from itself in the Markov chain for our FGA topology
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control algorithm since 1-step transition probability Qsisi
> 0 for each state si ∈ S,

therefore the chain is aperiodic (See Fig. 6.2). �

Lemma 7: The analytical configuration-based Markov chain representation of our

FGA topology control algorithm is both irreducible and aperiodic, hence ergodic.

Proof: Lemmas 5 and 6 define ergodicity [54]. �

6.2 Convergent Nature of Ergodic Homogeneous

Finite Markov Chains

For a finite set S with distributions µ and ν on S, the total variation is defined as

‖µ− ν‖ =
P
n |µ(si)−ν(si)|. For example, assume we are comparing a fair coin with

an unfair coin. If Prfair = [Prheads = 0.5, P rtails = 0.5] and Prunfair = [Prheads =

0.75, P rtails = 0.25] then ‖Prfair − Prunfair‖ = |(0.5 − 0.75)| + |(0.5 − 0.25)| = 0.5.

Dobrushin’s contraction coefficient [58] extends this measure and provides a rough

measure of orthogonality between the distributions in a Markov kernel (i.e., transition

matrix). It is defined as

c(Q) =
1

2
·max| {z }
si,sj

|Q(si, ·)−Q(sj, ·)| (6.2)

where c is the contraction coefficient and Q is a transition matrix. This represents

half the largest total variation between any two rows in the transition matrix. When
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c(Q) = 1, any two rows (i.e. distributions) of the transition matrix are disjoint. When

c(Q) = 0, all of the rows in the transition matrix Q(si, ·) are equal. The application of

these measures lead to the following profound statements (proofs are in Winkler [54]:

Lemma 8: (taken from [54]) Let Q1 and Q2 be transition matrices and let µ and ν

be probability distributions: |µQ1 − νQ1| ≤ c(Q1) |µ− ν| , c(Q1Q2) ≤ c(Q1)c(Q2) ⇒

|µQ1 − νQ1| ≤ |µ− ν| , |µQ1 − νQ1| ≤ 2 · c(Q1).

Lemma 9: (taken from [54]) For each transition matrix Q the sequence (c(Qt))t ≥ 0

decreases.

Lemma 10: (taken from [54]) If Q is ergodic then the sequence decreases to 0.

Theorem 3: (taken from [54]) For an ergodic homogeneous transition matrix Q on

a finite space with a stationary distribution µ, then uniformly for all distributions ν,

νQt → µ as t→∞.

Winkler demonstrates in Lemma 8 that the interaction of various distributions within

a set with an ergodic system (transition matrix) reduces the orthogonality (i.e. the to-

tal variation) between them (assuming they are not disjoint). Lemmas 9 and 10 state

that as a distribution iterates through an ergodic system it converges to a stationary

distribution. Theorem 3 generalizes this result to include any initial distribution of

the set. Using Theorem 3 we can state that the analytical model of our FGA topology

control algorithm will converge to a stationary behavior:
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Theorem 4: If the transition matrix Q for a Markov chain of our FGA topology

control algorithm is ergodic, then Q will converge to a stationary distribution.

Proof: As stated in Lemma 7, the transition matrix Q for a Markov chain of our FGA

topology control algorithm is ergodic. Therefore, using Theorem 3, Q will converge

to a stationary distribution.

In the following sections, we analytically find the convergence measure of various

system configurations to support the statement given by Theorem 4. We also study

the fitness of the final stationary distributions.

6.3 Convergence of FGA Analytical Model

In the analysis of the Markov model of our FGA topology control algorithm the mobile

nodes are not allowed to occupy the same location, nor allow themselves to become

disconnected (since they only move as far as one adjacent location per time unit).

In this model, therefore, the likelihood that the set of mobile nodes will move from

one configuration to another is only based on their current location. Furthermore,

this transition is memoryless with regard to previous movements. For simplicity and

without loss of generality, the number of mobile nodes within the network was set

to three for each analysis presented here. The size of the hexagonal grid was varied

between 3×3, 4×4 and 5×5 (any values larger have an exponentially larger number

of states as shown in Table 6.1). The communication range Rcom was varied as 1, 2
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Figure 6.3: Contraction Coefficients for Analytical Model of FGA topology control
algorithm when Rcom = 1.

and 3 units.

Fig. 6.3 shows the Dobrushin’s contraction coefficients iterated over time (c(Qt) as

t→∞) for Rcom = 1 and different hexagonal grid of sizes of 3× 3, 4× 4 and 5× 5.

As stated, the contraction coefficient gives a rough measure of the orthogonality (i.e.,

uniqueness) between the distributions (i.e., rows) in the transition matrix. For all

parameter sets, the system the contraction coefficient goes to zero and the system

converges towards a stationary distribution. In Fig. 6.3, the analytical analysis of

our FGA topology control algorithm converge slower for larger hexagonal grids. This

phenomenon can be better understood by looking at the two states shown in Fig. 6.4

where the probability of transition from the first state to the second in a single time

unit is zero. Obviously, with each mobile node moving one space per time unit, it

will take a minimum of five transitions to move from the first state to the second.
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Figure 6.4: Example of unfeasible transition from one state to another in a single
time unit.

Therefore, it will take several time steps for the iterated transition matrix Qt to have

a non-zero value for the displayed transition. Smaller hexagonal grids can accomplish

this transition in fewer iterations and, therefore, converge to a stationary distribution

faster.

Figure 6.5: Contraction Coefficients for Analytical Model of FGA topology control
algorithm for Rcom = 2.

Figs. 6.5 and 6.6 demonstrate the same effect for Rcom = 2 and Rcom = 3 units,
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Figure 6.6: Contraction Coefficients for Analytical Model of FGA topology control
algorithm for Rcom = 3.

respectively. Many of the experiments converge in approximately 1,500 to 2,500 time

units. It is important to realize that these convergence times are more dependent

on the number of states (i.e. configurations) for a given parameter set than a direct

correlation to the speed of convergence in an actual demonstration of the FGA. The

importance of this measure is the demonstration that the system does in fact converge

to a stationary distribution.

6.4 Fitness Analysis for Stationary Distribution

We demonstrated analytically in Section 6.3 that our FGA topology control algorithm

converges to a stationary distribution. In this section we analyze the fitness of the

final stationary distribution to determine if the FGA topology control algorithm will

converge to a desired configuration. At first the total fitness for each state is deter-
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(b) Medium Total Fitness

Figure 6.7: Example of (a) high, (b) medium and (c) low fitness state for Rcom = 2,
N = 3 and a 5× 5 hexagonal grid.

mined by adding the individual fitness of each of the nodes in a given configuration.

Since three nodes are used in each of the experiments, the total fitness value of 3 is

denoted as a high fitness state. A total fitness value between 2 and 3 is denoted as

a medium fitness state. If the total fitness is less than 2, it is referred to as a low

fitness state. Using this notation, Fig. 6.7 shows examples of high, medium and low

fitness states for Rcom = 2, N = 3 in a 5× 5 hexagonal grid.

<1% <1% <1%
13%

19% 22%

87%
80% 78%

0%

25%

50%

75%

100%

3x3 4x4 5x5 

Low
Mid
High

81 states 358 states 857 states

Figure 6.8: Aggregate total fitness of stationary distribution when N = 3 and Rcom =
2 for 3× 3, 4× 4, and 5× 5 hexagonal grids.

Fig. 6.8 shows the total fitness of the stationary distribution when Rcom = 2, N = 3
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and the hexagonal grid size varies as 3×3, 4×4 and 5×5. The first group of columns

in Fig. 6.8 represents the aggregated fitness values for the system whose parameters

are Rcom = 2 and N = 3 in a 3 × 3 hexagonal grid. We can see that out of the 81

possible node configurations (i.e., states) the system can be in, there are less than

1% chance of being in any of the 48 low fitness states when the system converges to a

stationary distribution. There is a 13% chance that the system will be in a medium

fitness configuration (representing 48/81 states) and a 87% chance of being in one of

the 5 high fitness states. This demonstrates that FGA topology control algorithm is

in fact driving the system to a configuration that is desirable. For each of the three

configurations in Fig. 6.8, the probability of the system stabilizing in a low fitness

state is always less than 1%. The probability of being in a high fitness state when

Rcom = 2 for 3×3, 4×4 and 5×5 hexagonal grids is 87%, 80%, and 78%, respectively.

Given that our FGA topology control algorithm behaves as expected, it is under-

standable that there is a high probability of being in a high fitness state and a very

low probability of being in a low fitness state. A significant percentage of states are in

a medium fitness. For example, in Fig. 6.8, the probability of medium fitness states

is between 14% to 22%. This group is composed of configurations that are either

suboptimal configurations, or optimal one but are penalized for being close to the

border. An example of an optimal-but-penalized state can be seen in Fig. 6.7(b).

The probability of being in this state is 1.09%. Other optimal-but-penalized states

create this meaningful probability for each of the medium fitness state distributions

in Fig. 6.8. Low fitness states that have suboptimal configurations have a probability
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in the order of 10−4%.

0% 0% 0% 3% 7% 7% 

97% 93% 93% 
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25%

50%

75%

100%

3x3 4x4 5x5

Low
Mid
High

32 states 82 states 154 states

Figure 6.9: Aggregate total fitness of stationary distribution when N = 3 and Rcom =
1 for 3× 3, 4× 4, and 5× 5 hexagonal grids

The first three columns in Fig. 6.9 represents the aggregated fitness for the system

whose parameters are Rcom = 1 and N = 3 in a 3× 3 hexagonal grid. As before, this

chart shows that out of the 32 possible configurations the system can be in, when

the system converges to a stationary distribution there will be a 97% chance that the

system is in one of the 8 states with perfect fitness, a 3% chance that the system is

in one of the remaining states with medium fitness and 0% chance that the system

is state with low fitness (when Rcom = 1 it is impossible to have low fitness without

becoming disconnected). Similarly, the remaining two sets of columns in Fig. 6.9

demonstrate a probability of 93% high fitness, 7% medium fitness and 0% low fitness

states.

Fig. 6.10 shows the total fitness of the stationary distribution when Rcom = 3, N = 3

and the hexagonal grid varies from 3× 3, 4× 4 and 5× 5, respectively. The columns

in Fig. 6.10 representing 4 × 4 and 5 × 5 produced similar results as the Rcom = 2
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Figure 6.10: Aggregate total fitness of stationary distribution when N = 3 and
Rcom = 3 for 3× 3, 4× 4, and 5× 5 hexagonal grids.

with the medium total fitness distributions slightly increasing. The columns for 3× 3

in Fig. 6.10 are unique among the scenarios analyzed. This chart represents the final

distribution for Rcom = 3, N = 3, and a 3×3 hexagonal grid. It has a 99% of being in

one state with a medium total fitness. This is due to the relatively large communica-

tion range compared to the small grid space. Essentially it demonstrates that when

mobile nodes running our FGA topology control algorithm are over-crowded, they

will attempt to find the best configuration in a suboptimal situation. The larger grid

spaces for a similar communication range demonstrate that when crowding is not a

problem, the nodes will most likely configure themselves in an optimal configuration.
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Chapter 7

Simulation Experiments for

Topology Control Algorithms

7.1 Simulation Software

We implemented a simulation software system in Java to study the effectiveness of

FGA, our distributed topology control algorithms for uniformly distributing manet

nodes. Eclipse sdk version 3.2.0 was used as the development environment, and

Mason, a fast discrete-event simulation library core developed in Java by George

Mason University ECJLab, was used to model the mobile agents.

The simulation software implementation has approximately 5,000 lines of algorithmic

Java code. To avoid possible inefficiencies, we developed our algorithms without using

any existing ga libraries.
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Figure 7.1: Graphical user interface for our GA software package: A screen shot of
user input.

In our software, the behavior of mobile agent models can be customized by adding,

removing, or changing features at any time. For example, a programmer can easily

add different types of crossover or selection strategies to our model. Our simulation

software is capable of running multi-agent applications which imitate a real-time

topology control setup.

A sample screenshot of the graphical user interface of our simulation software are

shown in Figs. 7.1 and 7.2. User-defined input parameters for our software include

(Fig. 7.1):

• Nodes: the total number of mobile nodes,

• Comm Range: the communication range of each mobile node (Rcom),
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• Case: type of evolutionary algorithms,

• Tmax: the maximum number of iterations,

• Initial: initial deployment configurations. Currently there are three different

initial deployment strategies for the mobile nodes: (i) start from the northwest

corner, (ii) place the nodes randomly in a given area, and (iii) start from a

given coordinate (e.g., the center of the area) in the terrain,

• Height: height of the geographical terrain,

• Width: width of the geographical terrain,

• obstacle inclusion (on user defined locations),

Fig. 7.2 shows a sample initial deployment of autonomous mobile nodes starting from

the northwest sector of a given terrain. Note that a corner initial deployment option

represents a more realistic approach of the topology control problem for the knowledge

sharing mobile nodes than the other deployment possibilities over an unknown terrain.

For example, in an earthquake rescue, a mine clearing mission, a military mission in

hostile area, or a surveillance operation, all mobile nodes may be forced to enter the

operation area from the same vicinity rather than random or central node deployment.

Our simulation software also has the ability to run experiments using a previously

used initial mobile node distribution and initial conditions (i.e., the initial data for

each mobile node includes a starting coordinate, speed, and direction). This ability is
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Figure 7.2: Graphical user interface for our GA software package: A screen shot from
an initial mobile node distribution for FGA.

important since each experiment is repeated many times to eliminate the noise in the

collected data and provide an accurate stochastic behavior of ga-based algorithms.

7.2 Simulation Experiments for FGA

For the simulation experiments, we consider 80 mobile agents with the same initial

node distribution over an unknown region. Each mobile agent has a limited communi-

cation range (Rcom), and, hence, can only be aware of its neighbors and the obstacles

located in the node’s sensing and communication range. The initial mobile agent

deployment and the positions of the obstacles are shown in Fig. 7.2. We assume that

it is not possible for the nodes to communicate through the obstacles.

84



We implemented FGA such that each mobile agent’s movement is only affected by its

current status of neighboring nodes. Due to this flexible implementation, we expect

that each agent will be adaptive to the environment changes such as node failures,

various terrain shapes and obstacles, and hostile attacks. To evaluate the performance

and effectiveness of our FGA algorithm, we consider two types of applications [59].

In the first application, the mobile agents are deployed in a hostile region where some

of the nodes are disabled during and after the deployment. In this application, the

nodes are lost either due to equipment malfunctions (i.e., isolated and randomized

losses) or hostile attacks (i.e., concentrated losses). The nodes affected by either

malfunctions and hostile activity are considered to be disabled for the rest of that

simulation experiment. After these losses, the remaining nodes must reconfigure their

positions to compensate the missing area coverage due to lost team members.

In the second application, mobile agents intentionally stop communicating with the

neighboring nodes located within Rcom distance for short periods of time. This appli-

cation, called the silence mode, simulates the conditions where the nodes need to go

undetected by hostile forces. During the silent mode, the nodes cannot communicate

with each other, and therefore, cannot modify their speed and directions. We assume

that, during the silent mode, the nodes keep their direction and speed that they had

before they entered the silent mode. Since their speed and directions remain uncor-

rected by FGA, we expect that nac for will suffer during the silent mode. At the end

of the silent mode, each node resumes communication and FGA becomes effective

again.
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7.3 Simulation Results for FGA

Figure 7.3: Mobile node distribution for Application 1 at T = 400 (N = 77 after
three disabled nodes).

Fig. 7.3 shows the area coverage for a terrain which has arbitrary obstacles after 400

steps (i.e., iterations) of FGA. At this point of the experiment, there are three nodes

that are disabled due to malfunctions (indicated by small solid circles with the letter

F in Fig. 7.3). We can observe that, in spite of these obstacles, the mobile nodes

using FGA obtain an almost uniform coverage of the area during the first 400 steps

of Application 1.

At step T = 401, the first hostile attack takes place and destroys three mobile nodes,

as shown in Fig. 7.4. The gray square at the south-east corner of the region represents

the area where the enemy attacks take place. In addition, one more mobile agent

experiences malfunction, reducing the total number of mobile nodes to N = 73.
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Figure 7.4: Mobile node distribution for Application 1 at T = 401 after the first
enemy attack (N = 73 after four disabled and three destroyed nodes).

Fig. 7.5 shows the mobile node deployment at T = 600. Between T = 401 and

T = 600, another mobile node becomes disabled due to malfunction. At this point,

the number of remaining mobile nodes is N = 73 of which two nodes are in the hostile

region.

At T = 601, the second enemy attack takes place destroying the two nodes in the

hostile region while another node becomes disabled due to equipment malfunction,

reducing the number of nodes in the experiment to N = 69. Fig. 7.6 shows the screen

shot over the geographical area after the second enemy attack, which illustrates that

the remaining mobile nodes keep performing FGA, and readjust their positions for a

uniform area coverage.

The final mobile node distribution after running FGA for T = 1000 steps is presented
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Figure 7.5: Mobile node distribution for Application 1 at T = 600 before the second
enemy attack (N = 72 after five disabled and three destroyed nodes).

Figure 7.6: Mobile node distribution for Application 1 at T = 601 after the second
enemy attack (N = 69 after six disabled and five destroyed nodes).
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in Fig. 7.7, where the remaining nodes readjust their positions to compensate for

the missing nodes. At this point two more nodes are disabled bringing the total of

disabled nodes due to equipment malfunction to eight and total of destroyed nodes

due to hostile attacks to five (N = 67). The network is considered fully connected at

this point since all the nodes in the network are reachable by others through either

one-hop or multi-hop communication.

Figure 7.7: Final mobile node distribution at T = 1000 with n = 69 (N = 67 after
eight disabled and five destroyed nodes).

Fig. 7.8 shows the convergence of FGA in terms of nac through the iterations. The

dark gray line in Fig. 7.8 illustrates that mobile nodes using FGA successfully deploy

themselves around the obstacles if there were no hostile activity in the area, achieving

a nac value of 99% at T = 1000. Meanwhile, the light gray line represents the nac

when the nodes undergo malfunctions and hostile attacks. We can observe that the

mobile nodes cover approximately 97% of the total area at T = 400.
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Figure 7.8: Convergence of FGA in terms of nac after T = 1000 steps where N = 80
is dropped to N = 67 (at T = 401 and T = 601 two enemy attacks take place while
a total of eight nodes become disabled due to equipment malfunction).

After the first attack at T = 401, there is a drop in the nac value due to the lost

seven nodes, which recovers after 200 steps (T = 600) reaching a nac value of 95%

(Fig. 7.8). Similarly, after the second attack, there is a drop in the nac value at

T = 601, which is then compensated by the remaining nodes after they reposition

themselves using FGA approximately 300 steps after the second attack (T = 1000).

Fig. 7.9 shows the nac for the silence mode application where the mobile agents

intentionally stop communicating with their neighbors during short periods of time.

In this experiment, the nodes perform FGA for 100 consecutive steps until T = 100

and then become silent for 200 iterations until T = 300. The silent mode is then

repeated for 200 iterations between T = 400 − 600 and again in T = 700 − 900.
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Figure 7.9: Convergence of FGA in terms of nac after 1000 steps for Application 2
(the three silent modes are T = 100− 300, T = 400− 600, and T = 700− 900).

During the silent mode, the nodes do not execute the FGA to correct their directions

and speed, which results in reduced nac values. We can observe that following silent

periods, FGA significantly improves nac values after T = 300− 400, T = 600− 700

and T = 900− 1000.

7.4 Simulation Experiments for MDGA

In this section we describe the simulation experiment results for Mean-node Degree

Topology Control Algorithm (MDGA) applications for different cases defined in Sec-

tion 4.4.2. Fig. 7.16 shows the screen shot where the initial deployment of the agents

start from the south-west sector. The mobile agents can have three different speeds

(i.e., fast, slow, or immobile) towards any of the six possible directions. In these

simulation experiments, the main input parameters include N , Rcom, and N . For all
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MDGA cases defined in Section 4.4.2, a meaningful set of parameters are chosen to

perform different experiments. To represent various network densities, we considered

different numbers of mobile agents (i.e., N=80, 100, and 120) in a hexagonal region

consisting of 10,000 cells (ntot = 50). To observe the effects mobile agents’ communi-

cation power, Rcom values for each agent are varied as 8, 10, and 12. Tmax for each

experiment is selected as 1,000 steps so as to avoid possible transient results from the

different GA algorithms. All experiments for each case from Section 4.4.2 are run for

20 times with different initial conditions, and the results are averaged to eliminate

the random noise as much as possible. To provide a fair comparison, we use the same

initial mobile agent deployment for all related cases. For example, the initial speed,

direction and position of the mobile agents chosen in Case 1 experiment 1 is kept

the same for the experiment 1 runs of Cases 2, 3, Random Walk (Case 0) and Hill

Climbing. In total, our study includes 20 different initial conditions, each used for

a different case. Fig. 7.16 shows one of the 20 different initial distributions of the

mobile agents used in the experiments. As in the FGA experiments, this initial node

distribution represents a more realistic deployment of the mobile agents into a given

area.

7.4.1 Normalized Area Coverage

Fig. 7.10 the nac as MDGA progresses in time. nac is an important metric of

convergence of MDGA towards a uniform node distribution over a given terrain. The

average nac for Case 2 is significantly better than the other cases (approximately
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20%). Cases 1 and 3 converge towards similar average nac values as the number of

iterations grow since the mobile agents will have a better chance of spreading over the

area. The convergence speed is the slowest for Case 0 (Random Walk) (approximately

900 iterations), since the mobile agents do not perform GA, and the fastest for Case

2 (approximately 300 iterations).

Clearly, all of the MDGA cases outperform Hill Climbing which has the lowest nac

value (Fig. 7.10). Based on the average of 20 experiment runs with Hill Climbing,

we observe that it shows a promising start, however, the mobile agents running Hill

Climbing fail to continue this improvement (i.e., cannot keep moving to positions

with better goal function values), and instead become stuck on a local maximum

(i.e., finding lower hills in the vicinity of their current locations). The average nac

for Hill Climbing reaches its highest point of 0.56 after ≈ 400 iterations, at which

point all mobile agents stop and do not move again, whereas other cases continue to

improve their nac even after 800 iterations.

We also consider different number of mobile agents representing networks with dif-

ferent node densities. For N = 80, 100, and 120 with a fixed communication range

of Rcom = 12, the mobile agents calculate N = 5, 6, and 7, respectively. We observe

from Fig. 7.11 that the average nac values proportionally increase as the number

of nodes in the geographical area increases for all cases. This is an expected result

because, as N increases, the nodes have a better chance of spreading uniformly over

the area. The average nac is the highest for Case 2, where the mobile agents stop

moving when they reach the fitness of 1.0. A stopped node starts moving again when
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its fitness value becomes less than 1.0 due to the nodes coming in or out of its vicinity.

However, in Case 3, with the next higher average nac value, the mobile node with

fitness of 1.0 and its follower neighbors together stop moving and never move again.

Hence, Case 3 achieves approximately 10% less nac value than Case 2.

7.4.2 Effects of Mean Node Degree, Network Density and

Communication Range

The significant impact of N value over MDGA performance is illustrated in Fig. 7.12

by using different values of N . For N = 100 and Rcom = 12, N is calculated as 6.

We conducted experiments to obtain the average nac values for N=2, 6, 10, and 14,

while keeping N = 100 and Rcom = 12. Fig. 7.12 shows that the average nac values

do not improve even if N is incremented over 6. We also observe that the values less

than the calculated N yield smaller nac values.

Another important metric significantly dependent on N is the average distance trav-

eled (and hence the power consumed) by each mobile agent. For N=2, 6, 10, and 14,

N = 100, and Rcom = 12, we observe from Fig 7.13 that Case 3 is the most power

conservative approach, where mobile agents visit less cells and spend less time and

power to obtain the same nac as compared to Case 2. As N is increased to 10 from

the calculated value of 6, the traveled distances increase 11% for Case 2, and 60% for

Case 3. The impact of N=14 is more dramatic with 20% increase for Case 2, and

250% for Case 3 compared to the calculated value of N=6.
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Moreover, increasing the network density should have an inverse effect on the average

fitness values since the fitness values of the mobile agents will be lower due to the

overcrowded neighborhoods. Fig. 7.14 shows the average fitness values for N = 80,

100, and 120, using Rcom = 12 for all cases. The average fitness value of each case

proportionally decreases as the number of nodes in the region increases.

Using N = 100 and the calculated values of N for each case while changing Rcom

as 8, 10, and 12, we observed the effects of different communication ranges over the

average nac. In Fig. 7.15, the average nac remains the same for different commu-

nication ranges since when analytical calculation of N includes the Rcom as one of

its parameters. Hence, as expected, the average nac values remain unaffected for

different cases.

7.4.3 Final Node Distributions

Sample final node distributions after applying all different MDGA cases for 1,000

iterations to the sample initial mobile agent node distribution given in Fig. 7.16 are

shown in Figs. 7.17, 7.18, and 7.19 for Cases 1, 2, and 3, respectively. Each experiment

is repeated 20 times for N = 100, Rcom = 12 and the corresponding calculated value

of N = 6. Among the different cases, Case 2 obtains the best final node distribution.

The second best result is obtained for Case 3, in which a leader stops itself and its

followers when its fitness value reaches to 1.0. A possible disadvantage of Case 3 is

that a leader may reposition its followers to new locations which are inadvertently
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Figure 7.16: Initial distribution of mobile
nodes.

Figure 7.17: MDGA Case 1 after 1,000
steps.

Figure 7.18: MDGA Case 2 after 1,000
steps.

Figure 7.19: MDGA Case 3 after 1,000
steps.

close to another cluster. Using the simplest form of MDGA, Case 1 delivers the least

uniform distribution among all the MDGA cases.
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Chapter 8

Testbeds Implemented for

Performance Analysis

Many research implementations of manets are developed as software tools that sim-

ulate network environments under very controlled conditions. Practical implementa-

tions of testbeds are often avoided because due to high cost of design and operation,

and the difficulty of adapting real-time topology changes. Therefore, simulation is of-

ten used to determine the performance characteristics (such as scalability) of manets

with large numbers of mobile nodes. Alternatively, having a realistic testbed can be

used for proof of concept, determining physical characteristics (such as physical chan-

nel characteristics), determining unforseen implementation complications, and deter-

mining hardware and software requirements necessary to implement the manet. Four

testbeds were implemented to verify our GA-based topology control algorithms. They
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include:

• Field-programmable gate array (FPGA) devices (Virtex-II Pro [2]),

• Small robotic units (iRobots [60] controlled by gumstix [61] processors with

wireless capabilities),

• Virtual machine technology (vmware [62]),

• Off-the-shelf laptops and pdas.

8.1 FPGA Devices Testbed

To study the effectiveness of our ga-based topology control algorithms, we imple-

mented a testbed with real wireless task oriented autonomous manet nodes of FPGA

devices [63]. The testbed consists of off-the-shelf wireless pci cards that complies

with the pci Local Bus Specification version 2.3 (pci v2.3) on the Xilinx ML310 with

Power PC Virtex-II Pro Based Processor running VxWorks [64]. We choose wire-

less hardware support (Atheros AR521x chipset) under network devices 802.11a/b/g

components and wireless mode support to include component support for ad-hoc ibss

to build the driver module into in VxWorks real-time kernel.

Both manet communications and GA-based topology control algorithm are imple-

mented as multi-threaded code and designed for multitasking operating systems that

are optimized for real-time and embedded systems. It can run on Linux, Cygwin, and
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VxWorks based real-time embedded platforms. This cross platform compatible im-

plementation allows hybrid configuration and deployment of our testbed architecture

such that communication between embedded mobile hand-held devices, navigators in

vehicular ad-hoc networks, or multi-agents in general are possible and supported.

8.1.1 System Architecture

Virtex-II Pro hardware platform provides a powerful new paradigm for network pro-

cessing with low latency. In many cases, Virtex-II Pro devices can offer higher overall

performance than other solutions, including specialized network processors (NPs).

The FPGA logic interrupts the PowerPC processor core only when processor instruc-

tions are needed for special packet types. By using the FPGA logic to process the

most common packet types while the processor core handles the more specialized ones

as a slave to the logic, the Virtex-II Pro architecture can provide higher overall per-

formance than NPs, as well as more sophisticated processing capabilities than FPGA

logic alone.

Fig.8.1 shows a high-level block diagram of the ML310 motherboard and its peripher-

als describing the hardware interface and components to the PowerPC 405 processor

block. PowerPC 405 processor block is an embedded PowerPC 405D5 core with on-

chip memory logic (OCM). The IBM PowerPC 405 core is integrated into the Virtex-II

Pro device.

The ML310 Virtex-II Pro FPGA is connected to several peripherals either directly
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Figure 8.1: VirtexII Pro Based Xilinx ML310 High-Level Block Diagram [2].

or indirectly via the PCI bus. Board hardware consists of DDR DIMM memory,

FPGA UART, System ACE CF controller, GPIO LEDs/LCD, SPI EEPROM, High-

speed I/O through RocketIO MGTs, PCI bus interface which connects ALi M1535D+

PCI and Intel Ethernet/NIC PCI devices, and IIC/SMBus Interface for LTC1694

SMBus accelerator, RTC8566 Real Time Clock (RTC), 64 kb 24LC64 EEPROM,

LM87 voltage/temp monitor, and DDR DIMM SPD EEPROM [2].

Compact flash card (CF) contains a System ACE file with an on-card intelligent

controller that manages interface protocols, data storage and retrieval, ECC, defect

handling and diagnostics, power management, and clock control. The ACE Flash

card which appears as an additional hard drive also interfaces directly with the ACE

Controller to provide a powerful pre-engineered configuration solution [65].

There are four components within the Virtex-II Pro Processor Block [66]:
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• Embedded IBM PowerPC 405-D5 RISC CPU core

• On-Chip Memory (OCM) controllers and interfaces

• Clock/control interface logic

• CPU-FPGA Interfaces

The embedded PPC405 core is a 32-bit Harvard architecture processor with cache

units, memory management unit, fetch decode unit, execution unit, timers, and debug

logic unit [66]. The On-Chip Memory (OCM) controller serves as a dedicated interface

between the FPGA block RAMs and the OCM signals contained within the embedded

PowerPC 405 core [66]. The clock/control interface logic provides proper initialization

and connections for PPC405 clock/power management, resets, PLB cycle control,

and OCM interfaces [66]. The PPC405 core accesses high-speed system resources

through Processor Local Bus (PLB) interfaces on the instruction and data cache

controllers [66].

Our testbed architecture implements a typical manet where each node in topology

has autonomous mobility and wireless communication characteristics. All nodes run

the same application and are configured with identical wireless characteristics. The

nodal capabilities are assumed to be homogeneous. Mobility centric dynamic recon-

figuration with respect to direction and speed is part of the MDGA topology control

algorithm. Changes in the neighborhood information due to mobility are detected

locally by each node through the heartbeat mechanism.
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Figure 8.2: Testbed Network topology.

The testbed is portable for well defined VxWorks Board Support Packages [67], multi-

threaded and designed for multitasking operating systems that are optimized for real-

time and embedded microprocessor systems. Its ability to run on LINUX, Cygwin,

and VxWorks based real-time embedded application platforms is verified (Fig. 8.1).

8.1.2 Network Topology

Our testbed environment consists of mobile nodes with homogeneous network com-

munication properties all configured with the same ad-hoc group SSID located in an

indoor laboratory environment. There are a total of 12 physical nodes with 3 Xilinx

FPGA boards, 7 desktops, and 2 laptop computers as illustrated in Fig.8.2. The

size of the geographic area is initialized to 500x500 units in our experiments. For

simplicity, the geographic area is assumed to have no obstacles over a flat surface,

where the node mobility is constrained by the configured boundaries.
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8.1.3 Testbed Configuration

In our testbed, we used Xilinx FPGA family boards, in particular Power PC Virtex-II

Pro Based Processor Xilinx ML310 running VxWorks, laptops and desktops running

Cygwin under Windows. We used off-the-shelf wireless PCI cards that complies

with the PCI Local Bus Specification version 2.3 (PCI v2.3) on the Xilinx ML310

board. We choose wireless hardware support (Atheros AR521x chipset) under network

devices 802.11a/b/g components and wireless mode support to include component

support for ad-hoc IBSS in VxWorks real-time kernel.

Our testbed configurations at present consists of low, normal and fast speeding nodes

and maximum transmission ranges of 50, 75 and 100 units. Several of the configured

default constants in our testbed implementation are related with the expiry times

serving as timeout triggers. For example, timeout values are configured at initializa-

tion and currently set for 1, 2 and 3 seconds for tournament, crossover and mutating

states respectively. NITEXPIRYTIME is a configurable attribute that indicates the

longest time allowed since the last heartbeat message from a neighbor. For instance,

if no heartbeat message received from a neighbor within the last NITEXPIRYTIME,

that neighbor is purged from the neighborhood table. To cover cost/benefit ratio

for mobile node’s reachability and UDP packet drops (heartbeat message loss) due

to wireless characteristics, NITEXPIRYTIME can be considered as a refresh cycle

to adjust the granularity for which the neighborhood table gets updated. This pro-

vides configurable effective mechanism to find neighbors in the range with relative

probability that multicast messages for tournament and crossover requests would be
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responded regardless of positive or negative acknowledgments.

If a mobile node becomes isolated, the ga-based topology control algorithm is not

active until a new neighbor is detected. Area coverage by a mobile node is determined

by the circular transmission range and the configuration specific parameters defined

for each scenario. All mobile nodes run identical configurations concurrently (but not

synchronized) with some offset at initialization time.

8.1.4 Neighborhood Discovery

Dissemination of node coordinates along with node ID and the last update time

parameter are part of the periodical heartbeat broadcasts by each node. In our

experiments, heartbeat messages are broadcasted every 10 seconds.

The heartbeat broadcasts as well as tournament and crossover multicasts are ignored

at the receiving end if the calculated distance between a source and destination is

greater than the maximum communication range. Otherwise, the receiving node

updates its neighborhood table with the heartbeat message information. Tournament

and crossover multicast requests as well as acknowledgments for unicasts follow the

same rule.
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Angle 0 45 90 135 180 215 270 315
Encoding 000 001 010 011 100 101 110 111
Direction E NE N NW W SW S SE

Table 8.1: Binary encoding of configured directions used in testbed.

Speed 1 5 10 15 20 25 30 35
Encoding 000 001 010 011 100 101 110 111

Table 8.2: Binary encoding of configured speeds used in testbed.

8.1.5 Mobility Emulation

In order to emulate communication among mobile nodes, the tcp packets exchanged

among the nodes are dropped intentionally when the distance between a source and

a destination nodes is greater than a permitted communication range. Each mobile

agent has capability to move to eight directions in three speeds within the geographic

area (see Tables 8.1 and 8.2). The movement of a mobile node is independent and

do not rely on any centralized controller or decision unit in the system. Initially,

the nodes start in the middle of the geographical area and, for the first 150 seconds,

move at random by changing direction every 10 seconds to give a chance to the

nodes to spread. After 150 seconds, each node invokes its own GA-based topology

control algorithm and broadcasts heartbeat messages every 10 seconds to exchange

the genetic information required by the topology control algorithm to decide their

speed and directions.
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8.1.6 Testbed Experiments

We implemented the distributed Mean-node Degree Topology Control (MDGA) algo-

rithm to be used within this testbed in a manet environment at the City College

of the City University of New York. We wrote a total of approximately 9K lines of

C++ code along with approximately 800 lines of MATLAB code. We followed cross

platform compatibility guidelines and have VxWorks for Xilinx Virtex II ML310 and

Linux compatible code that currently operates on LINUX emulator on Windows.

When a tournament multicast is issued, a request is sent to all of the nodes in the

neighborhood table at that time. The first response with a positive acknowledgment

determines the pairing node. Tournament operation is performed on each node inde-

pendently. If a node is less fit than its partner, this node must adopt the speed and

the direction of the fitter node. Then, a crossover multicast request is sent to the

neighbors, where the first positive response determines the pairing node. Crossover

operation, followed by the mutation are then performed on each node independently

by each pair.

Since all the nodes have identical radio frequency ranges, there is no overlapping

coverage between any two mobile nodes if the distance between them is greater than

2*Rcom units. Similarly, for distances less than Rcom, any two nodes can potentially

form a pair to successfully perform communication for tournament, and crossover

operations.

We used speed and transmission range as the main parameters to evaluate the effec-
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tiveness of MDGA for self spreading mobile nodes in manets. Currently, for low,

normal and fast speeding nodes, and Rcom values of 50, 75 and 100 units, there are a

total of nine different settings. Each experiment is run for 1,500 seconds and repeated

for ten times with the same initial values for the parameters of node speed, trans-

mission range, and direction, and with the same initial node deployment positions

to obtain accurate results and smooth out the noise in the output data. Each node

gathers its own metrics every 10 seconds such as the node location, direction, speed,

and fitness value.

As mentioned earlier, during an experiment, a mobile node can move into one of the

eight different directions and with three different speeds. The number of nodes in

the geographic area is 22 for all cases. We vary the transmission range to observe its

effects on area coverage.

8.1.7 Effect of Rcom on NAC

We used different Rcom values in the experiments to observe the effects of MDGA

in different network densities. For larger Rcom values, more nodes can communicate

with each other, emulating a dense network. Similarly, a small Rcom implies that

the network is sparse since fewer nodes can find a pair to perform MDGA operators.

Figs. 8.3(a), (b) and (c) show nac for Rcom values of 50, 75 and 100 units, respectively.

The maximum speed values of 5, 10 and 20 units/sec are used in the experiments. In

all cases, nac increases with the time, which demonstrates that MDGA is converging
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toward a uniform node distribution.

8.1.8 Effect of Speed on NAC

Figs. 8.3(a), (b) and (c) indicate that the impact of speed on coverage is minor

(compared to the effect of Rcom) and that the increased node speed only results in

faster convergence rate, but not necessarily in a better network coverage. However,

the convergence speed is an important metric for battery consumption in manets.

If a faster rate of convergence is needed for an application, the nodes should increase

their speeds, consuming more battery power. However, if the final coverage value is

the key goal, mobile nodes can lower their speeds to save battery usage since they will

reach the same coverage a little later. This observation is also supported in Fig. 8.3(d)

which shows the total cumulative distance moved by all nodes for Rcom = 50.

Fig. 8.4 shows the locations of the mobile nodes in the area (in terms of their Cartesian

coordinates and Rcom) as snapshots taken during an experiment. Black circle in the

center of the node represents physical location of a node. The effect of MDGA on

nac can easily be observed in the later snapshots, where a satisfactory separation

among the nodes is obtained.
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Figure 8.3: Effect of Speed on nac for mobile nodes running MDGA in testbed.
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Figure 8.4: Self spreading of mobile nodes running MDGA in testbed, Rcom = 75,
speed = 10.
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Figure 5.11: Node spreading experiments using iRobotstm controlled by the Gumstixtm

processors with wireless capabilities (a total of 30 time units elapsed)

can be added to the network on the fly and start functioning immediately. Once the

wireless connection is established, all nodes communicate to each other using udp

broadcast. To study the performance of our ga-based topology control framework

with different network densities, we developed this testbed using multiple machines

(i.e., iRobottm controlled by the Gumstixtm computer) that emulate wireless mobile

nodes [81]. Feasibility of this testbed architecture along with our fga algorithm for

self-spreading of nodes have been studied with an experiment of nine real integrated

single-board computers (Gumstixtm) and automated robots (iRobotstm) as shown in

58

Figure 8.5: Node spreading experiments using iRobots controlled by the Gumstix
processors with wireless capabilities (a total of 30 time units elapsed).

8.2 iRobot Testbed

iRobot Create robots with on-board Gumstix computers constitute the mobile nodes

in this testbed implementation Fig. 8.5 (a). Gumstix computers are small in size,

Linux-based, and consume very little power (<120mA @5V). The controller for the

iRobot node is the Gumstix computer which runs our FGA, mobility commands in-

cluding speed and direction, and wireless communication software. The nodes com-

municate with each other using wi-fi using udp broadcast [68]. Our testbed has nine

real integrated single-board computers (Gumstix) and automated robots (iRobots) as
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shown in Figs. 8.5(b)-(d). The initial positions of the units are displayed in Fig. 8.5(b).

Figs. 8.5(c) and (d) show two snapshots of movements of small robotic units by using

our FGA.

8.3 Virtual Machine Testbed

We implemented a testbed using vmware technology, where several virtual machines

(vms) are run simultaneously on the same physical hardware by isolating each one

from the physical environment by using vmware virtualization technique [62,69].

For simplicity, the autonomous mobile nodes in our testbed are configured with the

same capabilities, emulating realistic node mobility and wireless features of manets

including, but not limited to, autonomous mobility, wireless communication char-

acteristics, and periodic heartbeat messages (periodically broadcast to neighboring

nodes within the communication range of Rcom distance).

This testbed is programmed in C++ and runs in Windows, Linux, and Windows

Mobile operating systems. Each computer in our testbed has a configurable number

of vms interconnected by a virtual switch, simplifying and allowing our mobile nodes

running GA-based framework experiments on a single computer as though they run

individually on a real network.

All vms are connected to the network through a virtual switch. Typically, a single

computer can handle approximately seven nodes for FGA applications. Each virtual
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machine and the host have assigned addresses on the private network. This is done

through the dhcp server included with the vmware Workstation.

Figure 5.12: A screen shot of final mobile node distribution after 300 time units for
mobile nodes spreading experiments using virtual machines

the same capabilities. The mobile node distribution after 300 time units is shown

in Fig. 5.12. We can observe that, in spite of the lack of global knowledge and

a centralized controller, the mobile nodes using our fga obtain an almost uniform

coverage of the area in a relatively short period of time.

In Fig. 5.13, the improvement in the effectiveness in area coverage (Aeff ) through

time is shown for three different communication ranges of Rcom = 10, 15, and 20 as

the mobile nodes perform our ga-based topology control approach in this testbed. As

seen from Fig. 5.13, the mobile nodes successfully deploy themselves in an unknown

area and achieve 38%, 82%, and 100% area coverage for Rcom = 10, 15, and 20,

respectively. The area coverage reaches and stays at each maximum value at T ≈

61

Figure 8.6: A screen shot of final mobile node distribution after 300 time units for
mobile nodes spreading experiments using virtual machines.

In our testbed, we ran the experiments for a manet with N = 40 mobile nodes

and Rcom = 20 for total of T = 300 time units in a terrain of 100 x 100 units.

At the beginning of each experiment, all mobile nodes are located at the northwest

corner of the given area (this is similar to the simulation software experiment given

in Fig. 7.2). For simplicity, the mobile nodes in our testbed are configured with

the same capabilities. The mobile node distribution after 300 time units is shown

in Fig. 8.6. We can observe that, in spite of the lack of global knowledge and a

centralized controller, the mobile nodes using our FGA obtain an almost uniform

coverage of the area in a relatively short period of time.

In Fig. 8.7, the improvement in the effectiveness in NAC through time is shown

for three different communication ranges of Rcom = 10, 15, and 20 as the mobile
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Figure 8.7: Effectiveness in NAC for mobile nodes spreading experiments using virtual
machines.

nodes perform our GA-based topology control approach in this testbed. As seen from

Fig. 8.7, the mobile nodes successfully deploy themselves in an unknown area and

achieve 38%, 82%, and 100% area coverage for Rcom = 10, 15, and 20, respectively.

The area coverage reaches and stays at each maximum value at T ≈ 110, 160, and

200 time unit for testbed using Rcom = 10, 15, and 20, respectively.

8.4 Laptops and PDAs

We implemented a testbed for studying the performance of our FGA using off-the-

shelf laptops and personal digital assistants (pdas) [70]. Each laptop and pda runs

an identical FGA topology control algorithm, which is taken from the virtual ma-

chine testbed. In Figs. 8.8 (a)-(d), each student has either a laptop or pda which

provides vocal and visual commands for direction and number of steps (emulating

different speeds) using local neighborhood information. Fig. 8.8 (a) shows the initial

deployment of nodes for this experiment where all students are placed together at
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(a) (b)

(c) (d)

Figure 8.8: Node spreading experiments using laptops and PDAs (a total of 30 time
units elapsed).

the bottom-right part of the area. The convergence towards a uniform distribution is

displayed in Figs. 8.8 (b)-(d) over 30 time units.
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Chapter 9

Conclusions

In this research, we introduce a GA-based topology control approach for efficient,

reliable, and effective self-deployment of mobile nodes in manets. We implemented

our bio-inspired algorithms for knowledge sharing mobile agents to obtain a uniform

distribution of the nodes over an unknown terrain without any prior information or

a centralized control unit. The shared knowledge includes the mobile agent location,

speed, direction and degree. Each autonomous mobile node in a manet runs our bio-

inspired algorithms to control its speed and direction using only local neighborhood

information.

We developed a simulation software in Java and implemented various testbed plat-

forms to demonstrate the applicability of our approach to real-life problems. Simula-

tion and testbed experiment results indicate that, for important performance metrics

such as normalized area coverage (NAC), convergence rate, deployment time, and
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average traveled time, Our GA-based topology control algorithm, called FGA, can be

an effective mechanism to deploy nodes under restrained communication conditions

in manets operating in unknown areas.

Since FGA adapts to the local environment rapidly and does not require global net-

work knowledge, it can be used as a real-time topology controller for realistic mili-

tary and civilian applications. Experiments results from our simulation software and

testbed implementations showed that FGA delivers promising results for uniform node

distribution of knowledge sharing mobile nodes over unknown geographical areas in

manets.

We used a dynamical system model to formally study the convergence trajectory in the

space of possible solutions of FGA and to analyze the effect of the initial population

in the GA. We examined the expected behavior of our GA-based topology control

approach over multiple generations and the cumulative effects of GA operators as a

population evolves through several generations. We formally proved that, using FGA,

a node moves to position with a better fitness (i.e., a position with a higher value of

area coverage).

We analytically analyzed the convergence properties of our FGA topology control

algorithm by modeling the network with a Markov chain model. Each state in the

Markov chain represents different node configurations in a MANET with N nodes.

The model demonstrates that FGA will both converge by analyzing Dobrushin’s con-

traction coefficient and that that convergence will most likely be an optimal solution
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by analyzing the total fitness of the final stationary distribution. It analyzes these two

metrics among varied communication ranges and geographic areas. FGA performs

very well and is only based on local information.
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mentation of genetic algorithms for self spreading nodes in manets,” in Proc.

International Conference on Genetic and Evolutionary Methods (GEM), 2008,

pp. 10–16.

[64] VxWorks Programmer’s Guide, Wind River Systems, Inc, 1993.

[65] X. Inc., “System ace compactflash solution,” April 5, 2002. [Online]. Available:

www.xilinx.com/support/documentation/data sheets/

ds080.pdf

[66] ——, “Powerpc 405 processor block reference guide, em-

bedded development kit,” June 5, 2007. [Online]. Available:

www.xilinx.com/support/documentation/user guides/ug018.pdf

[67] I. Wind River Systems, “Vxworks programmer’s guide 5.5,” 2003. [Online].

Available: www-cdfonline.fnal.gov/daq/commercial/

vxworks programmers guide5.5.pdf

[68] C. Dogan, C. Sahin, M. Uyar, and E. Urrea, “Testbed for node communication

in manets to uniformly cover unknown geographical terrain using genetic algo-

133



rithms,” Adaptive Hardware and Systems. AHS 2009. NASA/ESA Conference

on, pp. 273–280, Jul. 2009.

[69] R. J. Barnett and B. Irwin, “Performance effects of concurrent virtual machine

execution in vmware workstation 6,” in Advanced Techniques in Computing Sci-

ences and Software Engineering. Springer Netherlands, 2010, pp. 329–333.

[70] M. Parkin and J. M. Brooke, “A pda client for the computational grid,” Concur-

rency and Computation: Practice and Experience, vol. 19, no. 9, pp. 1317–1331,

2007.

134


