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1 Introduction

Uniformly spreading autonomous mobile agents over an unknown terrain operating under
the harsh conditions of military missions is a challenging task. To ensure military mission
safety and success, it is desirable that mobile nodes such as terrestrial unmanned vehicles
(UVs) are to employ local information in their limited wireless communication ranges
without relying on global communication among mobile nodes, or the existence of a
global controller. In our research, we use genetic algorithms (GAs) (Goldberg, 1989;
Holland, 1995) as the tool to dynamically control a UVs speed and direction according to
its local environment information (e.g., the number of neighbours, neighbours’ locations,
positions of the obstacles, etc.) so that a uniform node distribution over an unknown
geographical terrain is obtained.
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Many military and commercial applications, such as search and rescue missions,
minefield clearing, and self-spreading of assets under bandwidth-limited conditions,
operating in difficult-to-access areas (e.g., building rubble due to an earthquake or
obscured vision due to smoke), require uniform distribution of autonomous mobile nodes
controlled by active running software agents over an unknown area. In these applications,
a number of UVs can gather information from multiple viewpoints simultaneously,
allowing the system of mobile agents to share information and understand the
environment quickly and comprehensively. For example, a group of mobile agents
equipped with video cameras could be sent into a disaster site, where the agents, running
GA-based topology control algorithms, uniformly deploy themselves to cover the
unknown terrain. While UVs provide video transmission, some of them may be
physically blocked by debris or may fail to operate, in which case the other agents should
re-position themselves to compensate for the lost area coverage. Note that the terms node,
mobile node, mobile agent, and UV are used interchangeably throughout this paper to
refer to the physical mobile entities in a mobile ad hoc network (MANET), each of which
is running a bio-inspired topology control algorithm.

The topology control of UVs using a decentralised solution over an unknown
geographical terrain is a challenging problem since:

1 the geographical area may change dramatically in a short time-span during an
operation

2 the number of mobile agents may change (increase or decrease) dynamically

3 mobile agents do not have access to navigation maps nor to GPS devices but can
only have limited information from local neighbours

4 mobile agents are typically deployed into the terrain from a single entry point (more
difficult to analyse than random or other types of initial distributions often seen in
existing research).

Using the results of our earlier research introducing a GA-based approach for topology
control problems in MANETS (Sahin et al., 2008; Urrea et al., 2009), we present here a
force-based GA (FGA) as a decentralised topology control mechanism distributed among
active running software agents to achieve a uniform spread of UVs. Using only local
neighbour information, a GA guides each UV to select a ‘fitter’ speed and direction
among exponentially large number of choices, converging towards a uniform node
distribution over an unknown geographical area. Consider a mission where UVs are to
spread uniformly over an unknown terrain; in an observed occurrence of a threat
situation, if the number of UVs changes with time (e.g., losing assets due to hostile forces
or equipment malfunction), the remaining units should reposition themselves to
compensate the loss in area coverage. Our simulation software results show that GAs can
be an effective tool for providing a robust solution for topology control of UVs.

The rest of this paper is organised as follows. In Section 2, we review prior research
on the use of GAs on mobile agent deployment, target localisation in MANETS, swarm
robotics, and statistical methods to extract probability distribution from unknown data
set. In Section 3, we discuss the general properties of GAs and our distributed FGA.
Section 4 and Section 5 present our simulation software and simulation experiment
results for different configurations, respectively.
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2 Related work

Our FGA is inspired by the force-based node distribution in physics where each molecule
attempts to remain in a balanced position and to spend minimum energy to protect its
own position (Heo and Varshney, 2003). We used the discrete-time random walk model
from Hokelek et al. (2008) to calculate the mean node degree for the hexagonal area in
Urrea et al. (2007, 2008). The results from Sahin et al. (2008) are used for the FGA to
calculate the fitness function for different numbers of mobile nodes in a hexagonal lattice.

GAs have proven to be an efficient tool in different distributed robotic applications.
In Chen and Zalzala (1995), a genetic approach is presented with distance-safety criteria
for a mobile robot motion. An adaptive GA is proposed by Shinchi et al. (2000) to
identify targets while avoiding obstacles. In Moreno et al. (2002), mobile robots are used
with ultrasonic sensors to collect range-limited data from the environment. Unlike our
FGA, this approach finds an optimal position using global map knowledge.

Swarm robotics is another approach of using multi-robot systems collaboratively
instead of single complex robots. Among several promising results, e.g., Tuci et al.
(2006) illustrates a complex transporting problem requiring collaboration for small
robots. Li et al. (2009) uses quantum probability in the chromosome coding strategy to
adapt coalition formation into multi-robot systems. In Hsiang et al. (2003), an algorithm
for distributing a swarm of primitive robots in an unknown geographical area is proposed.
A hierarchical behaviour-based model in which several parameters are adjusted with a
GA for tuning the parameters of a swarm to surround a target is proposed in Soto and Lin
(2005). Naghsh et al. (2008) outlines the interactive use of autonomous robots and human
beings in fire emergency settings. This study shows that a swarm of robots which are
capable of working in fire fighting operations. Dependability, robustness, and reliability
of the swarm-based systems for distributed safety critical systems are discussed in
Winfield et al. (2006).

Our FGA for self-spreading mobile nodes in a MANET differs from the cited
approaches above in several aspects. We perform uniform distribution of nodes and their
reconfiguration due to asset losses by using a very limited knowledge obtained from the
neighbouring UVs. Another significant difference is that we assume no prior knowledge
of the geographical area or the positions of the obstacles. Finally, our FGA is very
resilient to agent losses since it is fully distributed without a central controller or any
other type of privileged entities, and each agent uses only the local information available.

3 Our distributed forced-based GA

GAs are a class of stochastic search algorithms forming a subset of bio-inspired
computation algorithms. GAs mimic the way biological trait information is transferred
and improved under selection pressure. The desired phenotype traits (that is, those of
individuals) are selected by the evaluation of a specified fitness (objective) function.
Individuals with a higher objective function score are more likely to be selected for
breeding process by the GA. The principal of survival of the fittest is the starting point of
GAs, which is typically applied to problems where deterministic or heuristic methods are
not present or cannot provide satisfactory results. GAs essentially is composed of a set of
individual chromosomes (called the population) and biologically inspired operators that
create a new (and potentially better) population from an old one. According to the theory
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of evolution, only those individuals in a population who are better suited to the
environment are likely to survive and generate offspring, thereby transmitting their
superior genetic information to new generations (Holland, 1995; Mitchell, 1998).

A GA is an iterative optimisation procedure. Instead of working with a single
candidate solution in each iteration, it works with a number of candidate solutions (i.e., a
population). Another important property of GAs is that it can work effectively with a
randomly populated initial population in cases where there is a lack of information about
the problem space.

GAs are widely used for many applications from industry to research and
development, including optimisation problems (e.g., data fitting, path finding, network
traffic matrix calculation, etc.), financial problems (e.g., forecasting for stock market or
gold prices, portfolio management, etc.), business management applications (e.g.,
scheduling, project management, task assignment), engineering problems (e.g.,
communication network design and optimisation, circuit boards design and optimisation,
solving complex electromagnetic problems), and research and development applications
(e.g., molecular and DNA modelling, curve fitting, etc.). However, one must be aware of
the advantages and risks of applying GAs to a problem. The main advantage of GAs is
their ability to quickly scan large problem spaces. The nature of GA provides a quick
elimination of unsuitable solutions in the interested search space. On the other hand, one
drawback of GAs is the need of computational power. The chromosome set and the
objective function must be selected carefully because of their significant effects on the
computational time and convergence to a final result.

Inheritance, selection, mutation, and crossover are the main operators for GA
implementations (Goldberg, 1989; Sivanandam and Deepa, 2008). A tournament is the
most well-known selection methodology in GAs. It is performed between two individuals
chosen from a population. Between the two selected ones, the winner of the tournament is
the one with the better fitness, which is permitted to reproduce. Crossover is a genetic
operator which carries the fitter chromosomes from one generation to the next. Two
randomly chosen parents generate two new offspring by the crossover operation,
therefore creating a new generation as explained in Sivanandam and Deepa (2008) and
Urrea et al. (2007). A mutation operator is used to keep genetic diversity alive through
generations, and prevents the GAs from getting stuck at local extreme points.

Because GAs are stochastic in nature, they are not guaranteed to find the exact
optimal solution. In practice, though, GAs often provides powerful solutions to certain
classes of problems which prove intractable or too computationally intensive to be solved
using classical deterministic or heuristic techniques.

Figure 1 describes, in general terms, a simple GA process. First a population of N
individuals is randomly generated and evaluated using a fitness function score. The
population is then sorted by their fitness scores. Individuals are selected for breeding (i.e.,
tournament and crossover) with probabilities proportional to their fitness scores. The
offspring are added to a pool composed of candidate solutions for a new population. The
offspring in the pool are then evaluated and sorted again. Only the better performing
individuals are accepted into the newly created population. Mutation occurs on randomly
selected individuals except for the best individual in the population. The elite individual
has the best fitness value in the previous population and is typically chosen for the newly
created population without any genetic operator selection. Therefore, the fitness score in
the new population is better than, or at least the same as, the previous one. The
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population undergoes this process (without the initialisation step where chromosomes are
chosen randomly) for many generations until some termination criterion is satisfied (e.g.,
convergence tolerance of the best individuals reaching a certain preset limit, satisfying a
predefined fitness value, or reaching a limit on the number of generations).

Figure1  An example of operation flow in a GA (see online version for colours)
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In our approach, a two-dimensional geographical area of (dmax X dmax) iS composed of
logical hexagonal cells, where a unique Cartesian coordinate pair (x, y) is assigned to
each one of the cells. For example, in Figure 2, there are 64 hexagonal cells and seven
mobile nodes, each of which can move into six different directions (i.e., Dy through Ds).
A wireless communication link between two mobile stations is represented by a vector
whose dimensions are in terms of layers. One layer is equal to the centre-to-centre
distance between two neighbouring 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 Figure 2, for a mobile node N; in location (3, 4) and
another mobile node N; in location (1, 6), the vector representing wireless link between
these nodes is <2, —2>.

A wireless link with the state of <x, y> (0 < X, y < dax) between two mobile stations
is called available if two nodes are communicating with each other; otherwise the link is
said to be unavailable. If R is a positive integer representing the communication range
of a node, and R is the centre-to-centre distance between two neighbouring cells, a
wireless link can be available only if R < Rc,. The number of available links of a node is
called its degree. In Figure 2, N3 communicates with Nj, Ny, N4, and Ns if Reem = 3;
hence, the degree of N is 4 for Re,y, = 3 (the cells that are not within the transmission
range of any MANET node are coloured in grey).
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Figure2  An 8 x 8 hexagonal area partitioned into logical cells (Reom = 3)
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In our model, each mobile node can move into one of the six neighbouring cells directed
by its running software agent within the area boundaries. A mobile node uses the total
force applied to it by the neighbouring nodes located in its communication range to
decide the next direction and speed. In a similar approach given in Heo and Varshney
(2003), where each molecule attempts to remain in a balanced position and to spend
minimum energy to protect its own position, the optimal location is deterministically
calculated as:
. _ ) i _pl
K01 =2 (Reom—1 ph— pd L2 =P )
H | pn - pn |

where W is the expected density (the average number of nodes required to cover an entire
area when the mobile nodes are deployed uniformly), D is the local density (the number

of nodes within the communication range), and pL is the location of ith node at time step

n.

The force between two nodes depends on the distance between them and the number
of other nodes within their communication range (i.e., the force from a closer neighbour
is greater than the farther one). The total force applied to a node by its neighbours can be
used as the fitness of the corresponding mobile node. A smaller fitness shows a better
position for a mobile node since it indicates that the total force applied to it by its
neighbours cancels each other. The mean node degree (N ) is shown to be an effective
measure indicating the number of neighbours to construct a fitness function for a given
total number of nodes, communication range, and a geographical area as shown by Urrea
et al. (2009) and Hokelek et al. (2008). N is the expected number of neighbours to
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maximise the coverage. Therefore, using N , we can calculate the total force applied to a
mobile node n as follows:

M=

F(n) =

k JR—
N.(Reom =1 (X=%) +(y = y;) | @)
j=0

I
o

where k is the total number of neighbours, (X, y) is the current coordinate value for the
node, and (x;, y;) is the location of a neighbour node.

In our FGA, a mobile node gathers information about its neighbouring nodes’ speed,
direction, and location, and then, using the fitness function defined in equation (2),
proceeds to run the FGA to generate new chromosomes representing candidate solutions
for the next generation. These candidates are ordered according to their fitness values
from the lowest to the highest. The lowest fitness corresponds to the solution representing
the least amount of force applied to a node, and hence, the best one among the candidate
solutions for that generation.

The software agent in each mobile node runs FGA for g generations, and then selects
the chromosome with the best fitness value. The goal of each mobile node is to find a
location where it is at equilibrium with respect to the total force applied to it by its
neighbours. Suppose each node checks r possible positions and speeds for each
generation. A mobile node ends up checking a total of (r. g) possible outcomes for g
generations. Let us assume that the nodes can move at speeds up to v (i.e., it can move
over v cells at a time). In this case, there are (6. v) possible locations at the end of the first
movement, (36. v?) for the second movement, and (6. v)° for the gth movement. In total,

1
ere are up to i Vv ossible locations after g movements. Instead of calculatin
th pt ?_06 possible locations after g ts. Instead of calculating

each possible solution, each node runs the FGA for r chromosomes until reaching g
iterations. Consequently, the node adapts the fittest solution at the final iteration as its
next direction and speed as imposed by FGA.

4  GA simulation software

We implemented a simulation software system in Java to study the effectiveness of our
distributed GA-based algorithms for a uniform distribution of knowledge sharing agents.
Eclipse SDK® version 3.2.0 was used as the development environment, and Mason, a fast
discrete-event multi-agent simulation library core developed by George Mason
University ECJLab, was used for the GUI interface.

The simulation software implementation has more than 4,000 lines of algorithmic
Java code. To avoid possible inefficiencies, we developed our algorithms without using
any existing GA libraries. Our design philosophy was to build a GA-based application to
which a programmer can easily add new features (e.g., different types of crossover, or
different rules for tournament, etc.) and new evolutionary computation approaches. Our
simulation software was implemented such that it runs as a multi-agent application which
imitates a real-time topology control scenario. As a result, the observations from our
simulation software match closely to those from the real testbed experiments reported by
Dogan et al. (2009).
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In our simulation software, a user can provide inputs for the following parameters:

1  N: total number of mobile nodes
2 Rem: COMmunication range
3 Tumax. maximum number of iterations
4 type of initial deployment
5 dmax: Size of the geographical terrain
6 type of GA-based application.
Figure 3  Graphical user interface for our GA simulation software system (see online version for
colours)
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Sample screen shots of our user interface are shown in Figure 3. In Figure 3(b) an initial
deployment of 100 UVs starting from the north-west sector is displayed. Each UV can
only communicate with the other mobile agents located within its range of
communication, R,m. Currently, there are three different initial deployment strategies for
the mobile nodes:

1 start from the north-west corner
2 place the nodes randomly over the terrain
3 start from a given coordinate (e.g., the centre).

The north-west initial deployment represents a more realistic approach of the topology
control problem for the UVs compared to the other deployment possibilities over an
unknown terrain. For example, in an earthquake rescue, mine clearing, a military mission
in a hostile area, or a surveillance operation, all mobile nodes may be forced to enter the
operation area from the same vicinity.

The software also has the ability to run experiments using an initial mobile node
distribution with a given set of initial conditions that have already been created for
previous runs (i.e., the initial data for each mobile agent includes a starting coordinate,
speed, and direction). This ability is important since each experiment is repeated many
times to eliminate the noise in the collected data. The mobile agents can move with one
of three different speeds (i.e., fast, slow, or immobile) to any of the six possible directions
in the hexagonal lattice. Our simulation software also provides the capability for a user to
collect data without using GUI. Figure 3(c) shows the resulting network area coverage
(NAC) values in real time to provide information about the performance of the GA-based
algorithm.

5 Simulation experiment results

To evaluate the performance of our FGA, we consider a scenario in which a team of UVs
enter an unknown geographical area without any prior information and a global control
unit. Each UV has a limited communication range (Rqom), and, hence, can only be aware
of its neighbours and runs its own GA-based software application. Our main target is to
keep the network fully connected among the mobile agents while covering the
geographical terrain uniformly under realistic conditions such as arbitrary obstacles in the
terrain, stoppages due to malfunctions and hostile attacks toward one or more mobile
nodes (i.e., either isolated or concentrated losses). Our distributed FGA aims to provide
each node with a near-optimal number of neighbours.

The behaviour of our distributed FGA may be modelled statistically so that we can
extract the patterns in the data collected from simulation experiments. This model then
can be a useful guide to predict behaviour of our FGA for similar experiments.

Statistical model is defined as a set of mathematical equations describing the
behaviour of an object study in terms of random variables and their associated probability
distributions. It is mathematically thought of as a pair of (X, P) where X = (X1, X,..., Xn) N
is the number of observations is the set of possible observations and P is the set of
possible probability distribution on X (McCullagh, 2002).
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The data set includes NAC values for different number of UVs (N = 100, 200, and
300) with a fixed maximum communication distance (Rem = 10) for dmax = 125. The
basic statistical model of NAC is obtained using statistical inference which deals with the
problem of inferring properties of an unknown distribution from the data generated by
that distribution. All probability distribution functions for continuous random variables
have a form of:

1 x—1
c.A (5) 'G(T) ®)

where a<x <b, | is range, a and b are integers, ©(s) is the actual shape of the probability
density function (pdf), A«(s) is the area under the function (i.e., | represents the location
parameter which has the effect of translating the pdf or x-axis, ¢ is the scale parameter
that expands the scale of x-axis, and s is the shape parameter governing the actual shape
of the characteristic function, ©).

Scale parameter is also named as measures of dispersion. This metric presents
information about how ‘spread out’ the values are around the central tendency of the
random variables. Let us assume that we have a functional z(F) (also denoted by z(X)
when X is a random variable with distribution F) defined over a sufficiently large class of
symmetric distributions which is closed under changes of location and scale. We shall
require 7 to be non-negative and to satisfy:

r(aX) =l a|.z(x) for a>0and 7(X +b) =7z(x) for all b 4

A non-negative functional 7 satisfying equation (4) will be called as a measure of
dispersion if and only if it satisfies in addition z(F) < 7(G) whenever G is more dispersed
than F as given by Bickel and Lehmann (1976).

Shape parameter is also called as measures of shape. It is calculated as

_ M3
n="3m
Ha

where g; is the ith central moment.

Each of our simulation experiments was run for Ty = 700 time units, and was
repeated for 50 times so as to avoid transient results from the natural non-deterministic
behaviour of our distributed FGA. At the beginning of each experiment all UVs were
located at the north-west corner of the given geographical terrain as seen in Figure 3(b).
In order to get a fair comparison for experiments with different number of nodes, the
communication range and the hexagonal area were fixed at Reom = 10 and 15, 625 cells
(125 x 125), respectively.

To evaluate the performance and effectiveness of our distributed FGA, we execute
the combination of two types of military applications. First UVs are deployed in a hostile
region where some mobile nodes can be lost during and after deployment. In this
application, they are two events that affect the deployment of the mobile agents. Some
nodes can lose their communication functionality due to malfunction, whereas others are
destroyed due to enemy attacks. These affected nodes are considered out of the
experiments after that point. As a consequence of such as events, the remaining nodes
must reconfigure their positions to compensate the missing area coverage due to lost team
members.
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In a second application, mobile agents intentionally stop communicating with the
neighbouring nodes during short periods of time to go unnoticed by adversary forces and
avoid being the target of enemy attacks. Following such silent modes, all mobile agents
resume transitions again. This military scenario was applied into our simulation software
as follows. The UVs did not use any communication with their neighbours at the
beginning of their mission to ensure that there are no hostile forces in the area they
entered. After T = 100, the mobile agents start communicating with their mobile
neighbours located in their communication range, so that the FGA was initiated by each
UVv.

Figure 4 shows the frequency of the normalised NAC for N = 100 UVs from T = 0 to
T = 700. The improvement in NAC through the time for the experiment as the nodes
perform our distributed FGA can be easily seen in Figure 4. Initially, NAC is very low
since all UVs are at their initial positions of north-west corner of the area [Figure 4(a)].
The frequency is 50 for T = 0, meaning that all 50 experiments start with a low NAC
value. As time progresses and coverage improves, frequency of higher NAC values is
observed. For example, in Figure 4(b), higher NAC values are achieved by more
experiments at time T = 400. Since there are not enough UVs to cover the geographical
area for N = 100, NAC value and its frequency do not improve from T = 400 to T = 600.
Figure 4(d) represents the frequency of NAC after two hostile attacks.

For the experiments shown in Figure 4(a)-Figure 4(d), the parameters of scale,
location, and skew are shown in Figure 5(a)-Figure 5(c), respectively. The standard
deviation (o) reaches its highest value at T ~ 230 in Figure 5(a). However, ¢ is always
high for the case of 100 nodes. Figure 5(b) illustrates the average network coverage in
percentage for our FGA. The boost in NAC can be seen after T = 100 when our FGA
starts running. Furthermore, after each hostile attack at T = 400 and T = 600, the
operational UVs successfully readjusted their position and speed to reoccupy the
area under attack. There is no obvious effect of malfunctioned nodes in
Figure 5(a)-Figure 5(c). The skew is high in Figure 5(c). In fact, since we cannot see any
known distribution in Figure 4(a)-Figure 4(d), Figure 5(a) and Figure 5(c) have large
oscillations. We can confirm that 100 nodes were not enough to uniformly cover the
terrain. However, our FGA performed well to obtain the maximum coverage after each
hostile attack.

The frequency of NAC for N = 200 nodes from T= 0 to 700 are displayed in
Figure 6(a)-Figure 6(d). The UVs reach the maximum area coverage at time T = 400 as
the frequency of high NAC values are observed in Figure 6(b). A Gaussian distribution
shape is observed after 50 runs. Figure 7(a)-Figure 7(c) support the normal distribution in
Figure 6(a)-Figure 6(d). However, we still observe more deviation and skew than
Gaussian distribution in Figure 7(a) and Figure 7(c). The UVs using our distributed FGA
move successfully around the obstacles and reoccupy the empty areas after hostile attacks
as seen from Figure 7(a) through Figure 7(c). Compared to the case of N = 100, we see
much improved results for N = 200 since there are more UVs to increase the area
coverage.

Figure 8 (a)-Figure 8(d) shows the results for N = 300 from T = 0 to T = 700. The
UVs spread out the entire terrain less than T = 400 units. The figures show a normal
distribution supported by Figure 9(a)-Figure 9(c). In Figure 9(a), o converges to a stable
value (=0.5). After each hostile attack (T = 400 and T = 600), ¢ value increases indicating
a non-Gaussian distribution, however, NAC goes back to the normal distribution after a
certain time. Figure 9(c) represents the skew and indicates the quick recovery after each
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hostile activity. Since the largest number of UVs are used (N = 300), the overall best
results are obtained for this case.

Figure 4  Frequency of network area coverage (NAC) for N=100 (a) T=0 (b) T = 400
(c) T=600 (d) T = 700 (see online version for colours)
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Figure 6  Frequency of network area coverage (NAC) for N =200 (a) T=0 (b) T =400
(c) T =600 (d) T =700 (see online version for colours)
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Figure 7  Standard deviation, mean, and skew for NAC experiments in Figure 6 (see online
version for colours)
4 100+ — — ;
3 80/ /7 i E o s
J'%M A H'!d“\(‘ o/ |
\ bt bW L
/ Ty W‘H"F"V‘.'\,j 'u‘fl*‘fu\ﬁ J"n g 40 i /,/
i \f 20.1/
wred
GO 160 360 560 700 GO 160 200 360 400 500 600 70O
(a) (b)
20
| ,%% PO e
_ ALl L L
_20 Y
(8] 160 360 5&!0 700
(©)

IN PRESS



Decision Support Systems for Unmanned Vehicles -Inderscience-

Design of genetic algorithms for topology control of unmanned vehicles 15
Figure 8  Frequency of network area coverage (NAC) for N=300 (a) T=0 (b) T =400
(c) T =600 (d) T =700 (see online version for colours)
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Figure 9  Standard deviation, mean, and skew for NAC experiments in Figure 8 (see online
version for colours)
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Figure 10 (a)-Figure 10(b) shows the screen captures after the second hostile attack at
T = 600, and the recovery of NAC at T = 700 for N = 200 nodes. Large circles and UVs
with a cross on them in Figure 10(a)-Figure 10(b) indicate the UVs communication range
and failed/destroyed by hostile attacks, respectively. Dark grey regions represent the
areas covered by at least one node. The crosshatch square represents the region where
enemy attacks take place. At T = 401 and T = 601, the first and second hostile attacks
destroy 25% of the UVs in the given geographical area, as shown in Figure 10(a). The
remaining UVs keep performing FGA, and readjust their positions in less than 100 time
units for a near uniform coverage as shown in Figure 10(b).

Figure 10 Screen shots after hostile attack and after recovery (a) T = 600 (b) T = 700 (see online
version for colours)

6 Concluding remarks

In this paper, we presented the application of GAs to topology control of UVs. Our FGA,
inspired by the equilibrium of the molecules in physics, adjusts the speed and direction of
each UV using only local information.

Two sets of military applications were considered as experimentation scenarios,
namely hostile attacks, where considerable percentage of UVs become unavailable, and
operation under silence mode, which requires intermittent stoppage of communication
during a mission. Our simulation software results show that GAs can be an effective tool
for providing a robust solution for topology control of UVs in both types of military
applications.

Future work will include a formal analysis of FGA performance in various different
operational conditions.
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