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ABSTRACT The use of drones to perform various task has recently gained a lot of attention. Drones
have been used by traders to deliver goods to customers, scientists, and researchers to observe and search
for endangered species, and by the military during critical operations. The flexibility of drones in remote
controlling makes them ideal candidates to perform critical tasks with minimum time and cost. In this paper,
we use drones to setup base stations that provide 5G cellular coverage over a given area in danger. The aim of
this paper is to determine the optimum number of drones and their optimum location, such that each point in
the selected area is covered with the least cost while considering communication relevant parameters such as
data rate, latency, and throughput. The problem is mathematically modeled by forming linear optimization
equations. For fast optimized solutions, genetic algorithm (GA) and simulated annealing (SA) algorithms
are provisionally employed to solve the problem, and the results are accordingly compared. Using these two
meta-heuristic methods, quick and relatively inexpensive feedback can be provided to designers and service
providers in 5G next generation networks.

INDEX TERMS Genetic algorithm, simulated annealing, UAV, smart city, IoT.

I. INTRODUCTION
There is a high demand for provisioning high quality of
services (QoS) due to recent massive growth in everything,
especially in the telecommunication sector. The rapid popu-
lation growth has brought a number of challenges in telecom-
munications, including coverage and data traffic capacity.
One promising way to mitigate some of these challenges is
the utilization of intelligent systems towards smart projects
such as smart cities, smart building, smart vehicles, smart
grids, etc. Internet of Things (IoT) is the interconnection of
these smart projects with sensing, actuation and computing
capabilities via the internet. It is used to provide better ser-
vices and resource management for the general population.
However, the vast amount of data generated and collected
requires the use of a powerful communication paradigm in
order to guarantee the QoS in all these services. 3G and 4G
have a few QoS advantages, such as low deployment
cost, simplicity in management, extensive coverage and
high security. However, they do not support Low-Cost
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Machine-Type Communications (MTC) with high effi-
ciency [1]. This is an important feature for the future telecom-
munication because 3G and 4G have been designed mainly
for optimised broadband communication [2], [3]. On the
other hand, 5G is specifically designed to provide QoS to
users, which means that it is capable of providing the maxi-
mum bandwidth, and reduced latency, error rate, and uptime.
Additionally, 5G have increased data rate, reduced delay,
as well as, enhanced cellular coverage [4]. In health care,
for instance, these advantages are useful in improving the
system for millions of people. Chen et al. [5] designed a
personalised emotion-aware healthcare care system using 5G.
It focuses on the emotional care, particularly for children,
and mentally ill and elderly people. The proposed system
uses various IoT devices to capture images and speech signals
from a patient in an intelligent environment such as a smart
home. This data is fed into an emotion detection module,
which processes speech and image signals separately. Then
it merges the obtained results to produce a final score of
the emotion. The score is further analysed to determine if
the patient requires attention. And if so, medics are alerted
immediately. Furthermore, Poncha et al. [6] state that the
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FIGURE 1. UAV-based 5G coverage in urban area.

ability of 5G to focus on heterogeneous access technology
has opened a plethora of possibilities. 5G has the ability to
create an interconnected world using IoT. Skouby et al. [7]
add that such a linked systemmust connect smart cities, smart
homes and IoT in one cohesive paradigm. 5G technology will
not only offer high-speed broadband Internet connectivity,
but will also support e-payments, e-transactions and other fast
electronic transactions [8]. Moreover, 5G focusses on Voice
over Internet Protocol (VoIP) devices. This in turn leads to
high levels of data transmissions and call volumes [8].

In this paper, we work on maximizing the 5G coverage
for the aforementioned applications using Unmanned Aerial
Vehicles (UAVs) in urban settlements as shown in Figure 1.
Wireless users expect to have unlimited and affordable inter-
net access all the times. Increasing the number of Base Sta-
tions (BSs) in a given area is a potential way for satisfying
users and providing extended 5G coverage. However, this is
not an easy task. Because a few of these BSs can have light
or no load at all at a particular time, while other BSs might
experience very high data traffic and unnecessary overhead.
The unpredictability characteristic of the user makes it hard
to know exactly where and when a base station should be
located. We use UAVs to counter this problem by designing
drone-BSs as depicted in Figure 1. The drone-BS is flexible,
and able to be placed where it is needed most, and at any
particular time. And hence, it efficiently provides 5G cover-
age for the users at all times. Kalantari et al. [9] state that
drone-BS can be used to provide assistance to the ground
BSs with high data rates as well when additional space and
time is required. There is a growing number of research work
being done on drone-BS in cellular networks. However, one
critical challenge that has not been given much attention is
finding the lowest number of drone-BS and their respective
positions in a given 3D space, required to provide maximum

5G coverage with guaranteed QoS. The main contribution of
this paper is therefore to model this challenge into a linear
optimization problem, and use SimulatedAnnealing (SA) and
Genetic Algorithm (GA) metaheuristic algorithms to solve it.
GA and SA algorithms have been chosen due to their ability
in providing fast and efficient solutions to service providers.
These two algorithms are applied in a system of UAVs
communicating in a multi-hop fashion. This system helps
in reducing the amount of energy consumed by the Drone-
BS since we do not require wide-range transmitters, which
are high power consumers. The two algorithms are used in
extensive simulations, where coverage graphs are drawn and
numerical results are compared in order to determine which
algorithm can provide quick and more accurate solutions.

The rest of the paper is organized as follows. Section 2 talks
about some of the works that have been done relating to
this study. Section 3 discusses some of the main challenges
faced by aerial sensor networks while Section 4 presents the
model of the system. Section 5 discusses the findings of
this study. Finally, Section 6 presents our conclusions and
future work. In order to further assist the reader, a list of used
abbreviations in this article and their definitions are presented
in Tables 1 and 2.

II. RELATED WORK
The efficiency of optimal drone positioning has attracted
a lot of interest among researchers and academicians.
Zorbas et al. [10] introduces a minimum cost drone loca-
tion problem. In their work, Zorbas et al. use a two dimen-
sional terrain to find the optimal location and number
of drones/UAVs to observe given targets, which could be
mobile or static in a given area, the authors develop linear and
non-linear optimization equation by considering the coverage
of the drones and the energy consumed.
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TABLE 1. Abbreviations and definitions.

TABLE 2. Notations and descriptions used in this study.

Moreover, Tuba et al. [12] present a study in which they
look into a recent brainstorm optimization algorithm. It aims
at finding the optimal positions for static drones in a moni-
tored area such that their coverage is maximized. The algo-
rithm was used to solve the placement problem for both
uniformly and clustered targets. Obtained results showed that
the proposed algorithm is very efficient for solving drone
placement problems. In [10]–[12], authors try to find the
optimal drone locations for observational and monitoring
purposes only. Unlike our work, in which we target a new
trend in the 5G coverage.

Furthermore, we can consider UAVs as aerial wireless
base stations when cellular networks are out of service [13].

This system can be used when disasters such as flood
and earthquake affect the existing communication system.
Shakhatreh et al. [14] talk about finding an optimal position
for the UAVs such that the sum of time durations of uplink
transmissions is maximized. They use a gradient projection-
based algorithm to find the optimal placement of a single
drone-BS by considering the uplink scenario as a constraint.
Authors prove their hypothesis by presenting detailed sim-
ulation results for the optimization problem under different
cases.

Kalantari et al. [9] present a study on the number of
3D placement of drone base stations. In this study, the authors
use a heuristic algorithm to optimally place drone base station
in a region with different target densities. The goal of the
study is to find the minimum number of drones and their
3D placement such that all users are served. The simulation
results obtained from the study showed that the proposed
system can yield QoS constraint of the network. Unlike the
attempts in [11]–[14], our work considers time-efficient solu-
tions. We use heuristic GA and SA to find the optimal drone
locations for 5G coverage, while considering energy and cost
constraints.

Numerous works have been done to compare the differ-
ent results obtained by different heuristic optimization algo-
rithms. In [15], Rodriguez et al. compare four studies that
have been done on routing and wavelength assignment with
the aim of supporting and improving traffic related problems.
Moreover, the authors perform various simulations using
the optimizing algorithms, Simulated Annealing (SA) and
Genetic Algorithm (GA). The results obtained revealed that
the optimizing algorithm produced better results compared to
the other algorithms.

Yu et al. [16] propose a new heuristic algorithm used to test
generation of data during software testing process. Modified
Genetic and Simulated Annealing Algorithm (MGSAA) was
used to perform different experiments. Yu et al presents the
simulation results and conclude that the proposed method
generates high quality results compared to Genetic Algo-
rithm (GA). In [17], Thompson et al. used GA and SA
metaheuristic algorithms to optimise a topological design
network and compare the results. The authors concluded
that the average GA solution costs less than the average
SA solution.

However, Thompson et al. [17] and other overviewed stud-
ies in this section compared the cost of GA and SA algorithms
to determine the optimal solution for a topological network
design. In our work, we use GA and SA to determine the opti-
mal position for 5G drone base stations given the constraints
of coverage, energy and cost. Hence, we aim at improving
parameters such as the data rate, latency and throughput.

III. CHALLENGES IN UAVs NETWORKS
Drone base-stations have been proven to be a good can-
didate in providing high-throughput in wireless communi-
cations for situations requiring moderately stable links and
network topologies. This is due to their unique ability in
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hovering/moving with the target at close distances. However,
there are few challenges that need to be addressed when it
comes to aerial sensor deployment. Aerial sensor network
face numerous challenges, especially in the monitoring of
outdoor critical situations where the severity of the environ-
ment such as high temperatures, heavy rains, storms and the
likes, destroy the installed aerial sensors [18].

In this work, flying drones are not only used as aerial
sensors, but also as access points (BSs). Consequently, new
challenges are expected to rise in comparison to conventional
sensor networks. Resource allocation is one of the most
important aspects. Sample limited resources for sensor nodes
include power, memory and communication bandwidth. Usu-
ally sensor nodes consume little power while performing
some activities such as sensing, data storage and simple
data aggregation. However, there are other operations, which
consume a significant amount of power such as the image
analysis in multimedia and cellular applications. Hence,
further research should be focused on determining the trade-
offs between locally storing, communicating and process-
ing data, and consequently develop energy-efficient sensory
paradigms.

In aerial sensing platform, most of the power is consumed
during UAV propulsion, power consumed during sensing,
processing, and communication is usually relatively negli-
gible, and hence can be ignored [19]. Therefore, for effi-
cient power consumption, one has to plan the flight path of
the UAV. For instance, ascending consumes more power
than flying at a constant altitude [10]. Moreover, weather
conditions can have a significant effect on the UAV’s power
consumption. Sensors on the UAV can be used to send back
information about direction and speed of the wind during the
flight for instance, and adapt accordingly.

Moreover, aerial WSN communication is different in com-
parison to other communication networks. When UAVs are
flying, they need to exchange data (current position, speed,
direction, etc.) with each other as observed from Figure 2.
Individual UAVs need to exchange their information after
only a few seconds. However, multiple UAVs flying simul-
taneously need to know and transmit their position more
accurately. Hence, UAVs’ position data is exchanged every
few milliseconds. This necessitates a link with low latency
and a wide communication range.

In [20], Asadpour et al. acknowledge the importance of
aerial sensor networks. A few challenges/issues incurred in
this paradigm have been addressed, in addition to discussing
a few possible solutions, as well. It has been reported that
mobility and heterogeneity of the utilized nodes (or BSs),
can cause connectivity problems because of their severe
influence on the distance between the intra-communicating
nodes. This can significantly change the flying network topol-
ogy. And hence, effective routing, scheduling, and data for-
warding techniques must be further investigated in this area.
Mitchell et al. [24] proposed a scheduling algorithm, which
can be applied in such dynamic topologies. Their algorithm
computes the shortest path to the sink node dynamically, and

FIGURE 2. UAV communication with each other and BS.

FIGURE 3. UAV cellular cover.

hence, it reduces latency. This approach can also be applied
in this study.

IV. SYSTEM MODELS
In this work, the considered system consists of a common
sink (BS), to which information is sent and dispatched. Since
a UAV might be out of the communication range of the BS,
the UAV can send/relay its data to the nearest UAV. The latest
can in turn forward the information to the next available one
until it reaches an UAV in the communication range with the
BS [18]. Figure 2 below demonstrates the network architec-
ture of the considered UAVs system. In Table 2, a summary
of the assumed/used notations in this paradigm is provided.

In order to obtain an optimal number of drones to be used in
maximizing the 5G coverage, it is imperative that drones are
located in the correct position. This is of utmost importance
so that it obtains the maximum coverage while minimiz-
ing the number of UAVs. This in turn can reduce the cost.
Younis et al. [21] claims that sensor placement is a challenge
by itself. Considering the limited sensing and communication
sensor range, as well as the restricted resources such as energy

76002 VOLUME 7, 2019



F. Al-Turjman et al.: Enhanced Deployment Strategy for the 5G Drone-BS Using Artificial Intelligence

FIGURE 4. Virtual coordinates inside coverage area.

and coverage, make it more complicated problem. In their
study, Quaritsch et al. [19] investigate the use of UAVs in
disaster management. They discuss the challenges facing the
networked UAVs as well as focusing on their optimal place-
ment. In doing so, Quaritsch et al.mathematically formulated
the coverage problem and presented potential assessment
results. Authors took into account two optimization criteria,
the first one is the quality of the image taken, which refers
to the coverage quality of the UAV. The second one is the
consumption of resources, which involves the communica-
tion bandwidth and the energy used in flying. The observation
area and the forbidden area are drawn by the user using
worldwide coordinates, namely the longitude and latitude.
However, as described by Quaritsch et al, the entire process
of optimizing sensor placement is done using relative coordi-
nates. Therefore, the first step is to transform the worldwide
coordinates into the relative coordinates by selecting an arbi-
trary origin inside the observed region. Hence formulating the
x- and y- axis to go eastwards and northwards respectively, as
shown in Figure 4.

Zorbas et al. [10] present a study that determines the
optimal static and dynamic drone positioning in a selected
area, to minimize cost and maximize coverage. It was shown
that drones must have a maximum and a minimum obser-
vation altitude. That is because the height of the UAV is
directly proportional to the coverage area it can observe.
However, the higher the UAV is, the more energy it con-
sumes. Therefore, there must be a threshold on the maximum
height/altitude an UAV can be placed at. Park et al. [11]
propose a coverage decision algorithm, which aims at solving
handover problems caused by time-varying aerial environ-
ments. The algorithm takes into account the height of the
drone needed to provide a better coverage. According to [11],
controlling the height of the drone helps to provide better
drone coverage.

The relationship between the targeted area coverage and
the height of the drone was formulated by A = π

(
R2 − h2

)
,

where A is the coverage area of the drone, h is the drone’s
height, and R represents the radius of the drone’s wireless
transmitter. Obviously, this area A is equal to πR2 when the

height h is equal to 0. The main focus in [10] and [11], was
to minimize the cost, and hence, the number of drones and
energy consumed. Accordingly, our assumed UAVs can fly to
amaximumheight equal to hmax , and aminimumheight equal
to hmin, that maintain a specific coverage radius rhu [10].
Figure 4 shows a rectangle with length xmax and width
ymax , which represent the area of interest. Therefore, targets
could be in any arbitrary location in an area of xmax ∗ ymax .
We assume that there is a position (x, y, h) that a drone can
be located at instantaneously. Let U denote a set of available
drones, and T is the set of targets.
Each target ti ∈ T has position

(
Xti ,Yti

)
. Drone u ∈ U

has position (Xu,Yu, hu). For h = 0, the distance between the
target and the drone is:

D
ux ,uy
ti =

√(
Xti − Xu

)2
+
(
Yti − Yu

)2 (1)

Each drone u, has a communication range θ in form of a disc
in area xmax ∗ ymax as shown by the blue area in Figure 3.
And it has a radius of rhu , which depends on the height of the
drone hu. The larger the value of hu, the longer radius rhu

we have. There are two important decisions that must be
made at this point, the first one is to determine the position
(Xu,Yu, hu) of the drone u ∈ U (coordinates) and the second
one is to find the target ti ∈ T in the area of interest.

For the first problem (Position of drone):

δuxyh =

{
1, if the drone u is located at (x, y, h)
0, other wise

(2)

And for the second problem (Target observed):

γ uti =

{
1, if the target ti is in the range of drone u
0, other wise

(3)

The objective is to cover all the targets using at least one
drone. Each drone consumes a total energy E formulated as:

E = (β + αh) t + Pmax (h/s) , (4)

where β is the minimum power needed to hover at almost
zero altitude, α is the motor speed multiplier, Pmax is the
maximum motor power, and s and t are speed and operating
time, respectively. Also, h represents the drone’s height. The
term Pmax (h/s) is used to show the power used to rise the
drone to a height h at speed s. It is worth pointing out here that
β and α depend on the weight of the drone and the used motor
characteristics. Therefore, we can formulate our placement
problem as follows.

Minimizef (δ)

Subject to ,∑
(x,y,h)

δuxyh ≤ 1 and D
ux ,uy
u′ ≤ rhu ∀u, u′ ∈ U

(5)

Knowing that each drone u can be located in at most one
position that is with the communication range of at least one
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neighbouring drone. Where D
ux ,uy
u′

is the Euclidian distance
to the nearest neighbouring drone u′.

γ uti ≤
∑
(x,y,h)

δuxyh

(
rhu

D
ux,uy
ti

)
∀u ∈ U, ti ∈ T (6)

With the above constrain, we set the value for γ uti .

If rhu (radious range) is less than D
ux ,uy
ti (distance), then

γ uti is equal to 0. In other words, if the target is outside the
communication range of the 5G transmitter mounted on the
drone, then the target cannot use that drone to access 5G.
Therefore, the variable γ uti , can get either the value 0 or 1.∑

u∈U

γ uti ≥ 1 ti ∈ T (7)

The above constrain ensures there exists at least one drone
observing each target. The following equations show the
solution space of the aforementioned γ uti and δuxyh decision
variables.

δuxyh = {0, 1} , ∀ (x, y, h) , 1 ≤ x ≤ xmax (8)

1 ≤ y ≤ ymax ,

hmin ≤ h ≤ hmax, u ∈ U (9)

γ uti = {0, 1} , ∀ti ∈ T,u ∈ U (10)

And hence, f (δ), to be minimized, can be formulated as
follows:

f (δ) = A−
∑
u∈U

δuxyh ∗ A
′
i (11)

where A is the total area to be covered, and A′i is the area
covered by the ith UAV. By integrating Eqs. (11) and (4),
to minimize the total energy consumed, while considering the
movement time of the drone, f (δ) becomes:

f (δ) = β
∑

(x,y,h)

∑
u∈U

δuxyht + α
∑

(x,y,h)

∑
u∈U

hδuxyht

+
pmax

s

∑
(x,y,h)

∑
u∈U

hδuxyh (12)

We propose two alternatives to solve the placement problem.
Genetic algorithm and Simulated Annealing would be used
to calculate the number of drones and their respective posi-
tion in a given area while maintaining coverage and lifetime
constrains in the 3D deployment area.

In Algorithm 1, we used SA to find the minimum number
of drones such that line 1 is initializing the aforementioned
placement problem parameters. T0 is the selected initial tem-
perature of the system. We use this parameter to enable us
to accept or reject certain drone placement solutions. The
higher the value of T0, the higher the probability of accepting
a bad solution. Hence, we start by allocating a maximum
temperature to T0. We gradually reduce the temperature of
the system using the cooling factor α, which was selected
in this work as 0.95. As the temperature reduces, so does
the probability of accepting bad solutions. In line 1, we
also initialize the initial solution δ0, which is heuristically
selected for better results. Moreover, m is representing the

Algorithm 1 Simulated Annealing Pseudo code
1. Initialize: T0, δ0, α,m, n
2. δ = X0, δF = X0,T1 = T0
3. For i=1 to m
4. For j=1 to n
5. δTemp = σ (δ)
6. If: f (δTemp) ≤ f (δ) then
7. δ = δTemp
8. End If
9. Else if: U (0, 1) ≤ e−(

f (δTemp)−f (δ))
Tt

) then
10. δ = δTemp
11. End Else if
12. If: f (δ) ≤ f (δF ) then
13. δF = δ

14. End If
15. End For
16. Tt+1 = α.T t
17. End For
18. Return δF

Algorithm 2 Genetic Algorithm Pseudo code
1. Initialize: PS, Gmax , PC, PM
2. δ = (δuxyh)

+
: Generate initial random solutions

3. f (δ) : Calculate fitness for random solutions
4. Select BFS
5. For g = 1 to Gmax
6. For i = 1 to PS/2
7. Select two parents
8. Crossover with PC
9. Mutate with PM
10. End For
11. Replace parents with children
12. Update BFS
13. End For
14. Return BFS

number of stages and n is the count of moves per stage
with a certain temperature in SA algorithm. The number of
moves allows us to explore the neighbourhood for possible
solutions (i.e., UAVs’ locations). Therefore, it is important
that this value is carefully chosen. Line 2 assigns the initial
solution to δ and to the final solution δF . It assigns also the
initial temperature to the current temperature T1. Line 3 – 17
iterates over the initialized number of stages, where we decre-
ment the temperature value after every stage. Lines 4 – 15
iterates over the number of moves at a given stage, where
we get to explore the neighbouring solutions under a con-
stant temperature. In line 5, we find a neighbouring solution
using the move operator σ (δ), where σ (δ) = δ + N (0, 1).
We assign this solution to a temporary solution δTemp.
Line 6 checks if the temporary drone placement solution is
better than the current one. To achieve this, we substitute both
the temporary and the current solution to the fitness function
shown in Eq. (11). Line 7 assigns the temporary solution to
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the current solution, if the condition in line 6 is satisfied.
Line 8 ends the ‘‘If’’ statement. Line 9 to 11 covers an ‘‘Else
if’’ statement. Line 9 uses the current temperature Tt , which
represents the temporary solution and the current solution,
to find an exponential value. The value is compared with a
random number (between 0 and 1 exclusive) to determine
whether the temporary bad solution shall be accepted or not.
Line 10 assigns the temporary solution to the current solution,
if the condition in line 9 is true. Line 11 ends the ‘‘Else if’’
statement. Line 12 – 14 represents another ‘‘If’’ statement.
Line 12 checks if the current drone placement solution is bet-
ter than the final solution using the fitness function. Line 13
assigns the current solution to the final one, if the condition
in line 12 is true. Line 14 ends the ‘‘If’’ statement while
line 15 ends the second ‘‘for’’ loop. Line 16 computes the next
stage temperature of the system Tt+1 using the cooling factor.
Line 17 ends the first ‘‘for’’ loop and finally line 18 returns
the selected final solution δF after all iterations have been
completed. In Algorithm 2, we apply GA on the same prob-
lem to find the minimum number of drones and their optimal
positions for the maximum coverage.We begin by initializing
the aforementioned parameters in line 1. PS is the population
size, which represents the count of the initial solutions to be
selected. Gmax is the maximum generation number for which
an optimal solution is obtained. PC and PMare the probability
of crossover and probability of mutation, respectively. These
parameters are selected in order to evolve from one generation
to the next. In line 2, we generate the initial solution in
accordance with PS. This solution is represented by the set
of 0’s and 1’s. In line 3, we compute the fitness of all initial
solutions. And in line 4, we select the solution with the best
fitness value. Lines 5 – 10 iterate over a specific generation
number, while line 6 – 13 iterates for number of times equal to
half of the population size.We iterate over half the population
size because at every generation we select two parents for the
crossover operation. In line 7, we select two parents. Then,
in line 8, we produce two children by applying the crossover
operation. In line 9, we mutate the produced children using
a probability equal to PM. In this case, we consider each
element in each solution. In line 10, we end the second ‘‘for’’
loop. In line 11, we replace all the parents with the newly
produced children, forming the next generation of the evolved
drone placement solutions. In line 12, we update the best-
found solution (BFS) by substituting the newly produced
solutions in the fitness function (i.e., Eq. (11)) so that we
can find the best solution. This solution is compared with the
previous BFS. If it is better, we update the BFS. In line 13,
we end the first ‘‘for’’ loop, and in line 14, we return the BFS.

V. RESULTS & DISCUSSIONS
In this section, an in-depth analysis of the simulated results is
presented. Java and Python were used to execute SA and GA
respectively. An area of 80 kilometres squared was selected
to be observed, with each drone having a 5G transmitter with
an average range equal to 10 kilometres squared. For Simu-
lated Annealing, initialization was done as follows, an initial

FIGURE 5. Three targets to cover.

FIGURE 6. Ten targets to cover.

temperature of 300 was chosen, and an initial solution in
terms 0s and 1s was chosen (1 indicating the presence of a
drone in that vertex, 0 indicating its absence). The movement
operator (α) in SA was set to be equal to 0.95, while m and n
were set as 500 and 200 respectively. Additionally, initializa-
tion for genetic algorithm was done as follows: a population
size of 8 was selected, stopping criteria (i.e. Gmax) as 50,
PC (Probability of Crossover) of 0.5 and PM (Probability of
Mutation) was chosen as 1.

In Figures 5 – 7, we observe the number of drones required
for a randomly generated count of targets on the ground.
Figure 5 shows three targets that need to be observed.
We notice that these targets have been located far away from
each other. Therefore, one drone is not enough to cover all
of them and three drones have been used in order to cover
all targets. In Figures 6 and 7, we increase the randomly
distributed number of targets to be equal to 10 and 22,
respectively. We notice that the optimal number of drones
required for this configuration increases to six in both figures.
Accordingly, we remark that if the number of targets is equal
to x, then the required number of drones to cover all targets
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FIGURE 7. 22 targets to cover.

FIGURE 8. Execution time vs coverage area.

FIGURE 9. Fitness function behaviour.

can range from 1 to x. For example, if two targets are out of
the communication range of a single drone, then we need two
drones. However, if the two targets are within the communi-
cation range of a single drone, then we only need one drone.
Therefore, we conclude that the configuration (distribution)
of the targets in the covered area has a key influence on the
minimum number of drones required to cover these targets.

Figures 8 and 9 below show the average execution
time/fitness value over 100 runs for both SA and GA.
The relative precision stopping criterion is used. Simulation
runs are stopped at the first checkpoint when the condition

FIGURE 10. Energy consumed vs. the average height (h) of the UAVs.

δ ≤ δmax is met. Where δmax, which can have a value between
0 and 1, is themaximum acceptable value of the relative preci-
sion for confidence intervals at the 100(1−α)% significance
level. All obtained results from the simulations are within the
confidence interval of 5 % with a confidence level of 95%.
And thus, both default values for α and δ are set to 0.05.
This can help in assessing the evolutionary convergence for
algorithms. Figure 8 below shows the execution time for both
SA and GA with a varied coverage area. In this setup, the
area covered by each drone is held constant, while the total
area of interest is increased from 20 to 80 kilometres square.
We can observe that the execution time for both algorithms
lie between approximately 0.29 seconds and 1.2 seconds,
with SA recording the fastest and GA recording the slowest
time. From the obtained graph we also see that SA records
the fastest time until the total area of interest is equal to
44 kilometres square, where both algorithms have the same
execution time. However, whenwe increase the coverage area
further, the execution time for SA slows drastically, while that
of GA also slows but not as fast as that of SA. Consequently,
GA realizes a faster execution time than SA for a coverage
area greater than 44 kilometres square.

Therefore, we can clearly state that SA is capable of gen-
erating relevant solutions faster than GA when the coverage
area is small. However, for larger areas to be covered by the
UAVs, it is efficient to use GA as its time to generate optimal
solutions is much shorter than SA.

In Figure 9, we analyse how both algorithms produce
optimal solutions by tracking the fitness functions against the
number of iterations. From the figure, we observe that genetic
algorithm consistently produces a better fitness function out-
put than the previous one until we get to the fifth iteration,
where we see a slight deterioration. However, the general
form of the GA function depicts that the parent selection and
replacement method used in our algorithm, produced optimal
solutions in each iteration. On the other hand, we observe that
SA is more unpredictable in comparison to GA. This instabil-
ity can be attributed to the nature of SA algorithm in finding
the optimal value. That is why SA requires more computation
power in comparison to GA as reported in [25]. Where the
major drawback of SA is its slow convergence towards an
optimal value [26]. This appears clearly in Figure 9, where
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FIGURE 11. Average delay vs. the average height (h) of the UAVs.

FIGURE 12. Throughput vs. the count of used UAVs.

SA algorithm experiencesmore local optimal values thanGA.
Hence, it is more likely to get stuck on a local optimal value in
SA than in GA. The figure, therefore, suggests that we have
better chances in reaching the global optimal value, when
GA is applied rather than SA.

In Figures 10 – 12, we examined more communication-
relevant parameters such as the average packet delay, energy
consumption, and network throughput, while varying the
average height and count of the utilized UAVs in the network.
We applied this experimental work on the optimal solutions
found by GA and SA. Since both algorithms were able to find
the same optimal solution, both of them, GA and SA, have
experienced identical behaviour.

In Figure 10, the average energy consumed versus the
height of the positioned UAVs has been reported. Obvi-
ously, there is a linear relationship between the average con-
sumed energy per delivered data packet and the height of
the UAVs. This can be returned to the proportional rela-
tionship between the distance and the required transmission
power [27].

In Figure 11, we testify the average experienced delay
per packet while varying the average height of the UAV.
In line with the aforementioned height discussions, when we
increase the UAVs height values from 10 – 50m, the delay
is decreasing monotonically. This is because of the coverage
increment in the 3D space that allows lower number hops
between the source user equipment (target) and the final
destination (BS).

We examined also another critical communication met-
ric in Figure 12, which is the overall network throughput
measured in Megabytes per second (Mbps). This metric
represents the amount of useful work a number of con-
nected/networked UAVs can perform per the time unit in
terms of the total data bytes that have been successfully
delivered at the BS. We notice that as the number of used
UAVs increases, the network throughput increases, as well.
This makes sense because the more UAVs we have, the more
alternative routes towards the BS will evolve also. This leads
to better data delivery chances. However, this increment in
terms of throughput reaches to a saturation level after a
specific number of UAVs, where it stays in a steady state no
matter how much extra UAVs are added.

VI. CONCLUSIONS
In this paper, we propose a framework for the optimal number
of drone-BS and their positions determination. This frame-
work is needed to provide the 5G cellular coverage to a given
region, while considering the 5G transmitter’s coverage range
and energy constrains of the drones. The framework is very
useful in providing coverage for outdoor critical events such
as hurricane disasters, fire accidents, and densely populated
areas such as urban areas and stadiums. We used two meta-
heuristic algorithms, SA and GA written in two different
languages, to find an optimised solution. The results from
both algorithms were obtained, graphed, and analysed. The
results obtained in this study show that SA takes precedence
when the coverage area is small. However, for the extended
coverage area, faster results are obtained using GA rather
than SA. Moreover, our simulation results show that it is
commonly possible to settle on a local optimal value when
SA is applied, which is not the case with GA. Generally,
we conclude that usingGA can provide better results in timely
manner for outdoor UAV critical applications. In the future
work of this study, we would like to analyse the optimal
deployment problem in indoor environments, while assuming
dynamic UAVs.

REFERENCES

[1] F. Al-Turjman, C. Altrjman, S. Din, and A. Paul, ‘‘Energy monitoring in
IoT-based ad hoc networks: An overview,’’ Comput. Elect. Eng. J., vol. 76,
pp. 133–142, 2019.

[2] F. Al-Turjman, L. Mostarda, E. Ever, A. Darwish, and N. S. Khalil,
‘‘Network experience scheduling and routing approach for big data trans-
mission in the Internet of Things,’’ IEEE Access, vol. 7, pp. 14501–14512,
2019.

[3] S. A. Alabady and F. Al-Turjman, ‘‘Low complexity parity check code
for futuristic wireless networks applications,’’ IEEE Access, vol. 6,
pp. 18398–18407, 2018.

[4] J. P. Lemayian and F. Al-Turjman, ‘‘Intelligent IoT communication in
smart environments: An overview,’’ in Proc. Artif. Intell. IoT. Cham,
Switzerland: Springer, 2019, pp. 207–221.

[5] M. Chen, J. Yang, Y. Hao, S. Mao, and K. Hwang, ‘‘A 5G cognitive
system for healthcare,’’ Big Data Cognit. Comput., vol. 1, no. 1, p. 2,
Mar. 2017.

[6] L. J. Poncha, S. Abdelhamid, S. Alturjman, E. Ever, and F. Al-Turjman,
‘‘5G in a convergent Internet of Things era: An overview,’’ in Proc. IEEE
Int. Conf. Commun. Workshops (ICC), May 2018, pp. 1–6.

VOLUME 7, 2019 76007



F. Al-Turjman et al.: Enhanced Deployment Strategy for the 5G Drone-BS Using Artificial Intelligence

[7] K. Skouby and P. Lynggaard, ‘‘Smart home and smart city solutions
enabled by 5G, IoT, AAI and CoT services,’’ in Proc. Int. Conf. Contemp.
Comput. Inform. (ICI), Nov. 2014, pp. 874–878.

[8] R. S. Sapakal and S. S. Kadam, ‘‘5G mobile technology,’’ Int. J. Adv. Res.
Comput. Eng. Technol. vol. 2, no. 2, pp. 568–571, Feb. 2013.

[9] E. Kalantari, H. Yanikomeroglu, and A. Yongacoglu, ‘‘On the num-
ber and 3D placement of drone base stations in wireless cellular net-
works,’’ in Proc. IEEE 84th Veh. Technol. Conf. (VTC-Fall), Sep. 2016,
pp. 1–6.

[10] D. Zorbas, L. D. P. Pugliese, T. Razafindralambo, and F. Guerriero, ‘‘Opti-
mal drone placement and cost-efficient target coverage,’’ J. Netw. Comput.
Appl., vol. 75, pp. 16–31, Nov. 2016.

[11] K.-N. Park, B.-M. Cho, K.-J. Park, and H. Kim, ‘‘Optimal coverage control
for net-drone handover,’’ in Proc. 7th Int. Conf. Ubiquitous Future Netw.,
Jul. 2015, pp. 97–99.

[12] E. Tuba, R. Capor-Hrosik, A. Alihodzic, and M. Tuba, ‘‘Drone place-
ment for optimal coverage by brain storm optimization algorithm,’’ in
Proc. Int. Conf. Health Inf. Sci. Cham, Switzerland: Springer, 2017,
pp. 167–176.

[13] Y. Zhou, N. Cheng, N. Lu, and X. S. Shen, ‘‘Multi-UAV-aided networks:
Aerial-ground cooperative vehicular networking architecture,’’ IEEE Veh.
Technol. Mag., vol. 10, no. 4, pp. 36–44, Dec. 2015.

[14] H. Shakhatreh and A. Khreishah, ‘‘Optimal Placement of a UAV to maxi-
mize the lifetime of wireless devices,’’ 2018, arXiv:1804.02144. [Online].
Available: https://arxiv.org/abs/1804.02144

[15] A. Rodriguez, A. Gutierrez, L. Rivera, and L. Ramirez ‘‘RWA: Comparison
of genetic algorithms and simulated annealing in dynamic traffic,’’ in Proc.
Adv. Comput. Commun. Eng. Technol. Cham, Switzerland: Springer, 2015,
pp. 3–14.

[16] L.-Y. Yu and L. Lu, ‘‘Research on test data generation based on modified
genetic and simulated annealing algorithm,’’ in Proc. 8th Int. Conf. Supply
Chain Manage. Inf. (SCMIS), Oct. 2010, pp. 1–3.

[17] D. R. Thompson and G. L. Bilbro, ‘‘Comparison of a genetic algorithm
with a simulated annealing algorithm for the design of an ATM network,’’
IEEE Commun. Lett., vol. 4, no. 8, pp. 267–269, Aug. 2000.

[18] F. M. Al-Turjman, H. S. Hassanein, and M. A. Ibnkahla, ‘‘Efficient
deployment of wireless sensor networks targeting environment monitoring
applications,’’ Comput. Commun., vol. 36, no. 2, pp. 135–148, Jan. 2013.

[19] M. Quaritsch, K. Kruggl, D.Wischounig-Strucl, S. Bhattacharya, M. Shah,
and B. Rinner, ‘‘Networked UAVs as aerial sensor network for disaster
management applications,’’ E & I Elektrotechnik und Informationstechnik,
vol. 127, no. 3, pp. 56–63, Mar. 2010.

[20] M. Asadpour, B. Van den Bergh, D. Giustiniano, K. A. Hummel, S. Pollin,
and B. Plattner, ‘‘Micro aerial vehicle networks: An experimental analysis
of challenges and opportunities,’’ IEEE Commun. Mag., vol. 52, no. 7,
pp. 141–149, Jul. 2014.

[21] M. Younis and K. Akkaya, ‘‘Strategies and techniques for node placement
in wireless sensor networks: A survey,’’ Ad Hoc Netw., vol. 6 no. 4,
pp. 621–655, Jun. 2008.

[22] M. Z. Hasan, F. Al-Turjman, and H. Al-Rizzo, ‘‘Analysis of cross-layer
design of quality-of-service forward geographic wireless sensor network
routing strategies in green Internet of Things,’’ IEEE Access, vol. 6,
pp. 20371–20389, 2018.

[23] T. Pino, S. Choudhury, and F. Al-Turjman, ‘‘Dominating set algo-
rithms for wireless sensor networks survivability,’’ IEEE Access, vol. 6,
pp. 17527–17532, 2018.

[24] P. D. Mitchell, J. Qiu, H. Li, and D. Grace, ‘‘Use of aerial platforms
for energy efficient medium access control in wireless sensor networks,’’
Comput. Commun., vol. 33, no. 1, pp. 500–512, Mar. 2010.

[25] A. E. Gamal L. Hemachandra, I. Shperling, and V. Wei, ‘‘Using simulated
annealing to design good codes,’’ IEEE Trans. Inf. Theory, vol. 33, no. 1,
pp. 116–123, Jan. 1987.

[26] G. Storvik, ‘‘A Bayesian approach to dynamic contours through stochastic
sampling and simulated annealing,’’ IEEE Trans. Pattern Anal. Mach.
Intell., vol. 16, no. 10, pp. 976–986, Oct. 1994.

[27] F. Al-Turjman, ‘‘A novel approach for drones positioning inmission critical
applications,’’ in Transactions Emerging Telecommunications Technolo-
gies. Hoboken, NJ, USA: Wiley, 2019. doi: 10.1002/ett.3603.

FADI AL-TURJMAN (M’07) received the Ph.D.
degree in computer science from Queen’s Univer-
sity, Canada, in 2011. He is currently a Profes-
sor with Antalya Bilim University, Turkey. He is
also a leading authority in smart/cognitive, wire-
less and mobile networks’ architectures, proto-
cols, deployments, and performance evaluation.
His record spans more than 200 publications in
journals, conferences, patents, books, and book
chapters, in addition to numerous keynotes and

plenary talks at flagship venues. He has authored or edited more than
12 published books about cognition, security, and wireless sensor networks’
deployments in smart environments with Taylor & Francis, and the Springer
(Top tier publishers in the area). He was a recipient of several recognitions
and best papers’ awards at top international conferences. He also received the
prestigious Best Research Paper Award from ElsevierCOMCOM Journal for
the last three years prior to 2018, in addition to the Top Researcher Award for
2018 at Antalya Bilim University, Turkey. He led a number of international
symposia and workshops in flag-ship IEEE ComSoc conferences. He is
serving as the Lead Guest Editor in several journals, including the IET Wire-
less Sensor Systems, Springer EURASIP, MDPI Sensors, Wiley&Hindawi
WCM, and the Elsevier COMCOM, and Internet of Things.

JOEL PONCHA LEMAYIAN received the B.Sc.
degree in electrical engineering from Middle East
Technical University, Cyprus, in 2017, where he
is currently purusing the master’s (M.Sc.) degree
in computer and electrical engineering. He is
currently with Antalya Bilim University, Turkey.
His research interests include 5G Communica-
tion networks, and the Internet of Things (IoT)
applications.

SINEM ALTURJMAN received the B.Sc. degree
in mathematics from Akdeniz University, Turkey,
in 2014, where she is currently pursuing the mas-
ter’s (M.Sc.) degree in computer engineering. She
is currently with Antalya BilimUniversity, Turkey.
Her research interests include mathematical mod-
eling, and statistical analysis in computer net-
works, and the Internet of Things (IoT) era.

LEONARDO MOSTARDA received the Ph.D.
degree from the Computer Science Department,
University of L’Aquila, in 2006. Afterwards, he
cooperated with the European Space Agency
(ESA) on the CUSPIS FP6 Project to design and
implement novel security protocols and secure geo
tags for works of art authentication. To this end,
he was combining traditional security mechanisms
and satellite data. In 2007, he was a Research
Associate with the Distributed System and Policy

Group, Computing Department, Imperial College London, where he was
working on the UBIVAL EPRC Project in cooperation with Cambridge,
Oxford, Birmingham, and UCL for building a novel middleware to support
the programming of body sensor networks. In 2010, he was a Senior Lecturer
with the Distributed Systems and Networking Department, Middlesex Uni-
versity, where he founded the Senso LAB, an innovative research laboratory
for building energy efficient wireless sensor networks. He is currently an
Associate Professor and the Head of the Computer Science Department,
University of Camerino, Italy.

76008 VOLUME 7, 2019

https://dx.doi.org/10.1002/ett.3603

	INTRODUCTION
	RELATED WORK
	CHALLENGES IN UAVs NETWORKS
	SYSTEM MODELS
	RESULTS & DISCUSSIONS
	CONCLUSIONS
	REFERENCES
	Biographies
	FADI AL-TURJMAN
	JOEL PONCHA LEMAYIAN
	SINEM ALTURJMAN
	LEONARDO MOSTARDA


