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ABSTRACT

We attack the problem of dynamic UAV-based ad-hoc mesh net-
work deployment to find and connect people in an area of interest.
Genetic algorithms tune the parameters of potential fields that
control UAV movement in order to optimize people coverage and
network longevity. We extend earlier work that assumed one-hop
communication between UAVs to the more realistic two-hop case
and find significant increase in coverage and network longevity.
Experimental results show that enabling two-hop communications
between UAVs improves the performance on average between 4%
to0 32.19%.
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1 INTRODUCTION

Unmanned Aerial Vehicles (UAVs) have found myriad uses as costs
decrease and capabilities increase [2]. In this work, we use UAVs
to serve as wireless base stations in an UAV-based ad-hoc wire-
less mesh network. We focus on the deployment of such UAV base
stations in unknown infrastructure-poor environments. The net-
work deployment problem can be formulated as a single objective
optimization problem to maximize a linear combination of band-
width served and longevity of a deployed network. Drawing from
Dubey’s Evolutionary Adaptive Network deployment algorithm
(EANet), which uses potential fields to control UAV deployment,
we use a set of Potential Fields (PFs) to govern the movement of
UAVs and use Genetic Algorithms (GA) to tune PF parameters to
maximize bandwidth served and network longevity [1]. We enable
two-hop communication among neighboring UAVs, increasing the
information available for decision making, and show that two-hop
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communications leads to better performance than one-hop commu-
nication. Genetic algorithms make good potential field parameter
tuners since potential fields of the form cd®, where ¢ and e are a
coefficient and exponent and d is distance, can be highly non-linear.
We specify and tune six potential fields based on distance, user
bandwidth requirements, and command center (CC) location us-
ing a highly elitist genetic algorithm. Experiments on a variety of
scenarios show that with two-hop communications, the proposed
Modified EANet (or MEANet) performs statistically significantly
better than UAVs with one-hop communication (EANet).

2 METHODOLOGY

We modified EANet [1] by enabling two hop communication. We
run algorithm 1 to adapt to the user distribution in a given area of in-
terest (AOI) to compute and return a fitness. A set of potential fields
specified by the genetic algorithm to control the movement of UAVs
and simulation runs for a number of time steps (MaxTimeSteps)
equal to 1500. The difference from prior work on EANet is in lines
8 and 9 of the algorithm 1. Line 8 FindLinkState decides whether
a UAV is part of a permanent link in the deployed wireless mesh
network or not. A UAV is part of a permanent link if there is only
one link available from the command center to other UAVs through
the UAV. If a UAV is part of a permanent link then the UAV main-
tains its position in the network. In line 9 FindActivePotentials,
identifies the potential fields experienced by a UAV considering
two hop neighbors communication.

o h
PFluy = Py + ) (PFiyy + PFig) + Pac (1)

i=1

In equation 1 calculates a direction for each UAV to move based
on potential fields. Here h refers to hop count and in this paper
h = 2 for two hop inter UAV communications. The first term in
this equation, PF;,W, specifies an attractive potential field experi-
enced by UAVs based on users bandwidth requirement. This field
attracts UAVs towards high density bandwidth demand within the
AOL PFyy,, specifies attractive potential fields based on bandwidth
served by ith hop neighbors and Pﬁid refers to repulsive potential
fields based on distance to i*" hop neighbors. Finally, the command
center attracts UAVs in order for the mesh network to be able to
connect to the CC which is assumed to be connected to the internet.
A potential field specified by PF,. that only acts on UAVs which
are not serving any users, takes care of this requirement.

3 RESULTS AND CONCLUSION

In this section, we compare our modified approach, MEANet, to the
earlier approach in [1]. To facilitate direct comparisons, we kept
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Algorithm 1: Modified EANet and fitness computation

Input :Initial position of UAVs, AOI, Candidate Solution
Output:fitness
1 fitness = 0;

2 MaxScenarios = 4;

3 for scenario in MaxScenarios do

4 timeSteps = 0;

5 while timeSteps<MaxTimeSteps do

6 AssociateUsers(scenario);

7 FindNeighbors();

8 FindLinkState();

9 FindActivePotentials();

10 Headings = ComputePotentialFields();
1 MoveAll(Headings);

12 timeSteps++;

13 end

14 bwCoverage = FindBQCoverage();
AUs = FindActiveUAVs();
fitness += bwCoverage / MaxBW + AUs / MaxUAV;

17 end

15

16

18 fitness = fitness / MaxScenarios;
19 return(fitness);
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Figure 1: Network deployment with (a) one hop and (b) two
hop communication. The red circle represents the CC, blue
dots user’s location, and green circle is UAV’s coverage.

all experimental settings and parameters the same as in [1]. Fig-
ure 1 show deployment of UAVs considering one-hop and two-hop
UAV-to-UAV communication on one specific exemplar scenario.
The figure shows that with one hop communication (a), several
users do not obtain coverage and UAVs remain over areas without
users; wasting their capacity and reducing network longevity. Net-
works deployed using our modified approach, MEANet, produce
better results compared to EANet (one-hop) deployed networks.
We compared the fitness obtained on four training scenarios with
one-hop and two hop UAVs communication in Table 1 with 156,
117, and 78 UAVs and 200, 150, 100, and 50 users. We thus com-
pare a total of 3 X 4 X 4 = 48 different combination of UAVs, users,
and scenarios. Table 1 shows that fitness obtained with two hop
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communication was better in all 48 combinations of UAVSs, users,
Table 1: Comparing fitness between one hop and two hop

network deployment.

H User ‘ Hop ‘ Tri Trp Trs Try | Tetr Tey; Tes H
| 156 UAVs |
200 1 1.69 156 159 1.71 | 1.69 1.71 1.64
200 2 1.93 195 197 194 | 197 197 194
150 1 1.58 144 153 162 | 1.61 1.69 1.54
150 2 1.97 196 195 193 | 198 199 1.97
100 1 1.58 129 139 155 | 153 156 1.48
100 2 1.84 198 193 198 | 1.99 1.76 1.98
50 1 1.23 120 129 138 | 1.33 135 1.39
50 2 1.32 192 129 164 | 1.96 187 191
117 UAVs
200 1 1.52 153 1.61 162 | 1.80 1.72 1.63
200 2 1.64 188 190 184 | 1.97 1.83 1.92
150 1 1.52 152 1.62 1.71 1.73 1.71 1.66
150 2 1.69 188 180 191 | 1.98 1.84 1.96
100 1 142 133 148 157 | 1.67 1.60 1.58
100 2 1.78 186 1.78 1.91 2 1.84 2
50 1 1.22 127 136 125 | 147 134 143
50 2 1.51 1.77 185 1.60 | 1.59 1.56 1.97
78 UAVs
200 1 147 125 098 1,57 | 1.74 1.67 1.75
200 2 1.65 153 159 1.69 | 1.91 1.65 1.83
150 1 1.36 138 093 1.60 | 1.83 1.67 1.72
150 2 1.63 1.66 1.64 1.66 1.9 1.64 1.86
100 1 1.24 131 150 158 | 1.71 1,55 1.72
100 2 1.61 149 166 1.78 | 1.91 1.59 191
50 1 1.08 134 127 115 | 1.62 132 1.56
50 2 1.21 1.70 1.67 155 | 1.84 136 1.78

and different scenarios. Table 1 also shows that two hop commu-
nication performed better on 95% (34/36) combinations of UAVs,
users, and testing scenarios. Results show that our modification
improved the performance on average between 4% to 32.19% on
training and testing scenarios. Additionally, since with sufficient
numbers of UAVs (156) we get very close to the optimal fitness of
2, we believe that going to 3, 4 or higher hop communications will
not significantly improve coverage performance.
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