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Abstract: During unexpected or temporary events, base transceiver stations (BTSs), also known as base stations 

(BSs), may be unable to fully meet the flexibility and resilience requirements of upcoming cellular networks. A 

promising solution to this issue is to serve the cellular networks with low-altitude unmanned aerial vehicle base 

stations (UAV-BSs), which can assist terrestrial stations in increasing networks’ capacity and coverage. This paper 

proposes a network planning method for the fast deployment of fifth-generation (5G) cellular networks using a 

metaheuristic algorithm. This approach aims to determine the minimum number of UAV-BSs that can cover an 

area the size of a stadium while considering cell capacity, coverage constraints, the system’s spectral efficiency, 

and the battery life of the UAVs being utilized. We have formulated an optimization problem approach to capture 

the practical aspects and satisfy the above conditions simultaneously. We have detailed the implementation of a 

metaheuristic algorithm based on particle swarm optimization (PSO) that finds optimal locations for the UAV-

BSs that satisfy all the stadium constraints among various subareas with different user densities. This approach 

was compared to a genetic algorithm (GA) using the same simulation parameters during performance evaluation. 

The simulation results indicate that the proposed approach effectively finds the minimum number of UAV-BSs 

and their 3-D placement so that all users are served based on their traffic requirements. The results also indicate 

that the quality-of-service (QoS) targets desired for the network are reached in each scenario. 
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1. INTRODUCTION 

The evolution of our modern lifestyle depends fundamentally on mobile communication [1-2] via the Internet 

of Things (IoTs) [3] and smart objects [4-5]. Emerging wireless solutions have been deployed in information 

communication technology (ICT). Different generations of ICT have been developed to provide a better quality 

of service (QoS) [1-5] to users. Recent surveys on the reliability of the 5G network [6-13] have shown that, in 

terms of the success of modern society, a reliable connection is no longer a privilege but a requirement for 

communication, surveillance, and security [14-15]. Based on this constant need for connectivity, the deployment 

of Unmanned Aerial Vehicles (UAVs) [16-18] for temporary or emergency flying wireless network connections 

has attracted more attention to the research community [19-26]. However, relevant modeling is required to reduce 

the cost of deployment and guarantee the QoS while effectively operating UAVs as mobile base transceiver 

stations (BTSs), also known as base stations (BSs). The following subsection introduces a brief overview of 

modeling based on UAV or drone communication. UAVs, frequently known as drones, are flying platforms 

including to provide cellular network coverage, create device-to-device relay networks, offer surveillance and 

monitoring, and delivery of medical supplies. The use of UAVs has been rapidly growing in the last few years 

due to their autonomy, mobility, flexibility, adaptive altitude, and wide-ranging application areas [17-19]. In 

wireless communication, UAVs can offer solutions in terms of portability, reliability, and cost-effectiveness if 

they are correctly deployed and operated. One example of such is the use of UAVs as aerial base stations (UAV-

BSs). Based on the available proximity network as well as the need, UAV-BSs can work either independently or 

simultaneously with existing terrestrial wireless networks to provide, extend, or enhance the coverage of the 

cellular network during temporary events. One of the main advantages of using an aerial base station is the 

possibility and flexibility of changing its position when the line-of-sight (LoS) link [27-31] between the base 

station and the user is hindered. Thus, relocating the UAV base station is enough to reduce the non-LoS (NLoS) 

link and provide full and stable coverage to the targeted area. In addition, each drone has a mobile capability that 

makes it easy to deploy during emergencies, such as during or after a natural disaster, during which a failure on 

ground communication infrastructure has been affected or is non-existent [16,17,27,28,29,30], to provide 

additional support to all devices requiring wireless connections. Despite the promising applications of UAV-based 

communication systems, regulation is one of the major limiting factors in the deployment of said systems, as they 

differ according to their categories [19] and based on each country’s internal regulations. Placements of a single 

UAV-BS have been rigorously studied [20–22] and should be done in such a way that covers as many users as 

possible while using the least amount of transmitted power possible or following some rules based on the 

requirements of ground users. However, these works do not cover the cases of multiple aerial deployments if we 

needed to cover a broader range of ground users, which would necessitate the general coordination of the UAVs. 

Furthermore, for better efficiency, one should consider only deploying the least number of UAVs required based 

on the area that needs to be covered. Moreover, although the placement of multiple UAV-BSs has recently 

attracted more interest from both practitioners and the scientific community [23–26], the identified challenges can 

be narrowed down to five main issues: energy availability, mobility and path planning, placement of nodes, 

security and privacy issues, and the quality of service being provided. The overall goal of this research is to 

develop an efficient and quick simulation method for the deployment of 5G cellular network UAV-BS. To reach 

the expected technical goal, we: 

 Introduce the desired model for the system,  

 Followed by the optimization problem based on the predefined constraints, and, 

 Elaborate the algorithm formulation. 

The contributions of this paper are: 

 To understand the design steps of cellular network planning with UAVs, 

 To provide a simulation approach for the particle swarm optimization (PSO) algorithm and genetic 

algorithm (GA) for multiple UAV-BSs deployment and,  

 To find the relevant method to determine the minimum needed UAV-BSs in order to effectively server 

the targeted ground users and to minimize interference when servicing ground users and avoid competition 

between the UAV-BSs.  

The rest of this paper is organized as follows:  

• Section 2 introduces the design description of the UAV-BS cellular network system deployment and 

describes the dimensioning of the UAV-BS cellular network system. 

• Section 3 elaborates on the optimization techniques and methodology of the UAV-BS cellular network 

system based on the PSO algorithm and the GA. 

• Section 4 presents the optimization cell planning method based on the PSO algorithm and the GA. 

• Section 5 introduces and provides a thorough description of the simulation process. 
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• Section 6 discusses the outcome of the simulation results for deploying the UAV-BS cellular network 

system during the day. The QoS performance is also discussed. 

• Section 7 focuses on presenting simulation results and QoS performances from the different case studies 

considered for the deployment of the UAV-BS cellular network system. 

• The last section is devoted to the discussion, conclusion, and future work. 

 

2. DESCRIPTION OF THE DEPLOYMENT DESIGN OF THE UAV-BS 

cellular network SYSTEM 
 
2.1 Problem statement of the urban environment scenario 

A surface area the size of a football field must temporarily be covered by the 5G network through the use of 

the UAV cellular network system model. Figure 1 shows the scenario of an event organized in a stadium that has 

a BTS nearby.  

 

 
Figure 1 3-D perspective view representing the system model of the case study. 

 
However, when people gather in the stadium, the network is not able to serve all the devices, thus the need 

for the rapid deployment of a UAV-BS cellular network system. The surface of the stadium, including the open-

air stands, needs to be covered by the network. We assume the total number of users to serve will be 1,000, most 

of whom will be seated while others are performing on the field. The objective of this research is to coordinate 

the UAV-BS and find the minimum number needed in order to effectively serve all wireless mobile devices within 

our defined area and locate their respective optimal 3-D locations. Mobility is one of the essential features of the 

aerial BS and helps manage its deployment based on the users’ locations. When the users move, the UAV-BS 

may have to relocate accordingly in order to serve them better. The following subsections further elaborate upon 

the geometrical 3-D configuration associated with the UAV-BS cellular network system model. 

 
2.2 Efficient 3-D positioning of UAV base station 

The 3-D positioning enables the placement of each drone unit within the space. It acts as a geometrical 3-D 

problem and can be considered a cartesian system, as shown in Figure 2.  
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Figure 2 Illustration of 3-D coordinate cartesian system. 

 
The main criteria of positioning are the drones acting as cellular BSs are scattered from each other, before 

the placement of the UAV in the horizontal space (xj, yj), we also need to determine their altitude (hj) and 

considering a fixed transmission power, the area covered by a BTS is fixed unless the antenna is relocated. 

Relocation is a tedious task for BS and is one of the main advantages of using UAV-BS. The coverage of UAV-

BS is relative to its flying altitude, latitude, and longitude. Thus, the exact coverage limit is known once the drone 

is in position. In contrast to base terrestrial station (BTS), the mobility of the UAV-BS allows for its relocation to 

a different position where the network coverage demand is high. Therefore, we need to find optimal placements 

(latitude, longitude, and altitude) at which the UAV-BSs should be located to ensure maximum network coverage 

for the targeted area. As the altitude of the device can vary over time, a change of transmission power is not 

essential to change the coverage areas, as up to a certain degree, this can be achieved by either increasing or 

decreasing the altitude of the UAV-BSs. 

 
2.3 Flying time cycle and management 

Events can take place at any time of the day or night and can last for hours, days, weeks, or even months. 

For the proposed system to be efficient and effective, the UAV’s battery life is crucial and must be accounted for 

during the network planning. Selection of the drone is another important element as drones from different 

categories may have different capabilities in terms of flying time. However, energy consumption is not limited to 

maintaining the device in the air, but also plays a part in communication. The below initial assessment focuses on 

managing the UAV’s battery lifetime while ensuring constant converge from the UAV-BS and finding the total 

number of the UAV-BSs needed to deploy in order to cover the defined area. In Table I, we provide a description 

of the notations and parameters used in this study. Let’s consider a stadium packed with 1,000 ground users during 

the day and 60% of this amount at night.  

 
Table I. List of notations for the initial dimensioning 

Notation Description 

BW Channel bandwidth in Hz 

a Average spectral efficiency of the system in bps/Hz 

Rdl Users target data rate in the downlink 

NuBS Maximum number of users served by each UAV-BS 
x

U
N

 
Total number of users in the stadium at x time 

x

BS
N

 

Total number of UAV-BSs needed to be deployed 

Day

BS
N

 

Total number of UAV-BSs needed to be deployed during the daytime 

Night

BS
N

 

Total number of UAV-BSs needed to be deployed during the nighttime 

 

In this scenario,
Day

BS
N

 UAVs will be deployed during the day, and replaced by 
Night

BS
N

UAVs at night. This 

establishes a cycle in which the UAVs that are used during the day can be recharged at night and their usage can 

resume the next day. 
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2.4 Capacity provisioning 

Like standard BTSs, aerial BSs have a maximum number of users that can be served simultaneously, which 

we denote as NuBS. We assume that the downlink (DL) data rate is generally more significant than the uplink (UL) 

data rate value. In terms of capacity provisioning, the DL is defined as the limiting link. The NuBS can then be 

formulated as: 

uBS dl

BW
N

R

 
=
 
 



     (1)  

in which 
    represents the floor function, BW defines the capacity of the UAV-BS and Rdl is the target data 

rate that users aim to achieve in DL. To discover the number of BSs needed to satisfy the denoted downlink user 

data rate, we can use the following equation: 

x

x U

BS

uBS

N
N

N

 
=  
       (2)  

With 
    represents the ceiling function,

x

U
N

 is the total number of users in the stadium and x is a variable 

that is relative to the UAV-BS deploying time which can either be during the day or at night. From here, a good 

optimization technique is needed to ensure the performance of the UAV-BS cellular network system. 

 

3. METHODOLOGY OF THE UAV-BS CELLULAR NETWORK 

SYSTEM OPTIMIZATION  
Before we address the optimization process, we must properly describe the UAV-BS system problem as well 

as constraints to both capacity and coverage. 

 
3.1 Description of the UAV-BS system optimization problem 

The optimization problem aims to find an optimal location for the UAV-BS that satisfies the capacity and 

coverage constraints. This location can be analytically formulated based on a mathematical model. Thus, we must 

first elaborate on the notations for the present study with their descriptions in Table II. 

 
Table II. List of notations for the optimization problem 

Notation Description 

Ns Total number of subareas 

,j s


 
The parameter that measures the presence of UAV-BS j in the subarea s 

,j s
a

 
Intersection zone between the area covered by a UAV-BS j and the subarea s 

Aj Total area covered by a UAV-BS j 


 

The least percentage of area desired to be covered by the UAV-BSs 

Ds User density in a subarea s 

As Surface of a subarea s 

1



 
 
 i

E

 

The expected value for a spectral efficiency i 

i j


 

SINR of a user i served by UAV-BS j 

t h


 

The minimum SINR level required for each user 

  The minimum percentage of users desired to be covered by the UAV-BSs 

DL

r
P

, 

UL

r
P

 

Power received in DL and UL 

UL

t
P

, 

UL

t
P

 

Power transmitted in DL and UL 

N Noise power 

LdB Path loss of the channel in dB 

i


 

Binary variable that denotes the state of a user i 

i


 

Vector that contains the state of each UAV-BS 

 
3.2 Description of capacity constraints 

We divided the complete area that needs to be served into subareas Ns. The following parameter is defined 

to measure the presence of UAV-BS j in subarea s: 
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,

,

j s

j s

j

a

A
=

     (3) 

in which: 

• 
1, ...,

x

BS
j N=

and s=1,…,Ns 

• ,j s
a

is the intersection zone between the area covered by the UAV-BS j and subarea s 

• Aj is the total area covered by a UAV-BS j 

We assume that the parameter ,
0 1

j s
 

 while respecting the following conditions: 

• if the coverage of the UAV-BS j is totally included in subarea s, then ,
1

j s
=

 

• if it is partially contained in subarea s, then ,
1

j s


 

• if the UAV-BS j coverage and subarea s are not joined, then ,
0

j s
=

 

Hence, to serve all users in a given subarea s, the inequality in the following equation must be satisfied: 

,

1

x
BSN

uBS j s s s

j

N A D
=

  

     (4) 

with s=1,…,Ns and where 


 is the minimum percentage of the area desired to be covered by UAV-BSs. Ds 

is the user density function in subarea s and As is the surface of subarea s. To ensure that the average spectral 

efficiency of the system is higher or equal to α (the value used in the initial dimensioning), the following condition 

must be considered: 

1

1

i

E


 
 
 




      (5) 

with 
1, ...,

x

U
i N=

 and i


 is the spectral efficiency of the user i. 

 

3.3 Description of coverage constraints 
To serve the users based on their traffic requirements, the coverage constraint can be formulated as: 

*
( , )

i j t h
P   

      (6) 

in which: 

• i j


is the SINR of user i that receives the service from UAV-BS j 

• j* is the UAV-BS that offers the highest signal to the user: 

 
*

, * arg max( )
i j

x

i j = 
     (7) 

• t h


represents the minimum SINR level required for each user 

An area can be considered entirely covered when   percent of 
x

U
N

 users is covered. The user’s SINR in the 

DL and UL can be calculated as proposed in [32]: 
( )

( * )( )

*

( )

( )

1, *

x
BS

DL

r j iDL

j i N

DL

r ji

j j j

P

P N
= 

=

+



     (8) 
( )

( *)( )

*

( )

( )

1, *

x
BS

UL

r i jUL

j i N

UL

r i j

j j j

P

P N
= 

=

+



     (9) 

in which: 

• By denoting the noise power with N0 as the white noise density, BW as the signal bandwidth, and F as 

the noise figure, we have: 

0
=  N N BW F

     (10) 
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• 
( )

( * )

DL

r j i
P

and 
( )

( *)

UL

r i j
P

 denote the power received in DL (BS to Ground User) and the power received in UL 

(Ground User to BS).  

The power received is given by: 
( ) ( ) ( ) ( )z z z z

r t t r dB
P P G G L= + + −

    (11) 

in which: 

• The parameter z can be changed by DL or UL 

• Pt is the transmit power 

• Gt and Gr represent the transmitter and receiver antenna gain 

• LdB is the path loss of the channel 

A binary variable is introduced to denote the state of a user i: 

1, if the user is covered by one

0, otherwise

−
= 


i

i UAV BS


   (12) 

Thus, the following condition must be met to consider the area to be entirely covered: 

1

x
UN

x

i U

j

N
=

  

     (13) 

Furthermore, parameter ρj will be considered as a vector that contains the state of each UAV-BS, as shown 

in the following equation: 

1, if is deployed

0, if is redudant

−
= 

−
j

UAV BS j

UAV BS j


   (14) 

Finally, the expression of the optimization problem is given as follows: 

, , ,
1

min

x
BSN

j
x y h

j



=


     (15) 

subject to: 

,

1

( , , )

x
BSN

uBS j s j j s s

j

N x y h A D
=

  

    (16) 

with s=1,…,Ns and also: 

 1

( , )

x
UN

x

i i i U

i

x y N 
=


    (17) 

The UAV-BS cell planning method is presented in the following section based on the developed optimization 

technique. 

 

4. CELL PLANNING METHODOLOGY 
Finding the optimal locations for the UAV-BSs while ensuring the coverage of almost all ground users and 

achieving their traffic requirements is a complex problem. Moreover, adding the variable altitude of the aerial 

base stations brings more intricacy to the problem. In this study, we optimize the 3-D placement of the UAV-BSs 

by exploiting the optimal solution from the pseudo-random behavior of the PSO algorithm [34] and the GA [36]. 

When we know the optimal locations for all BSs, we can propose to eliminate eventual redundant BSs while 

respecting the aforementioned constraints. 

 
4.1 Cell planning using PSO algorithm 

The PSO algorithm is an optimization algorithm introduced in [35]. Inspired by how swarming animals seek 

out food to survive, the algorithm starts by generating populations of pseudo-random solutions and aims to 

improve the candidate solution according to the defined evaluation or quality function. 

 
4.1.1 Analytical expressions of utility functions 

To find an optimal solution, our PSO algorithm has to go through multiple iterations. Referring to the vanilla 

PSO, each node within the network will be a particle. For each iteration, the optimal solution of each node is its 

current location and the optimal global solution of all nodes are their respective placement in the space. The 

trajectory of the node gets updated and refined based on the previous local and global solutions. The steps used 

in the proposed PSO algorithm are summarized in Figure 3 and the list of notations used in the cellular BS planning 
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is presented in Table III. The optimal latitude, longitude, and altitude are also referred to as the 3-D placement of 

each UAV-BS. We can achieve this by continuously maintaining respect of the capacity constraints while reducing 

the utility function: 

1 ,

1 1

( )

x
S BSN N

uBS j s s s

i j

F N A D
= =

= −  

    (18) 

at its minimal value. Thus, the last outputs from the previous iteration are the current optimal solutions, which 

become the new inputs for the next iteration, targeting an improved solution with a total number of users 

uncovered at its minimal value. 

 

 
Figure 3 Optimization technique process using the PSO algorithm. 
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Table III. List of notations for the cell planning using the PSO algorithm 

Notation Description 

F1, F2 Utility function to satisfy the capacity and coverage constraints 

F3 Utility function to satisfy the average spectral efficiency 

Wl Initial population 

W(l,local) Best result of each particle 

W(global) Best utility in all iterations 

l
V
 , t 

Velocity and iteration 

  Inertia that controls the convergence speed 

c1, c2 Personal and global learning coefficients 

υ1, υ2 Positive random number generated for each j 

Wop Optimal solution 

σ Set that contains the UAV-BS j can be eliminated 

ĵ
 

UAV-BS that can be eliminated 

 
The utility function is given in equation (19) and satisfies the coverage constraint, while keeping the capacity 

constraint active. 

12

, if (4) holds

0, otherwise

=


−

= 





x
UN

i

j
F



   (19) 

Finally, the following utility function satisfies the average spectral efficiency of the system: 

 

3

1
, if (4) holds

1

0, otherwise


− + −

  
=  

 


x

U

i

N

EF





   (20) 

 
4.1.2 PSO process description 

The PSO algorithm starts with the generation of L nodes (particles) that have a length of 
3

x

BS
N

to form the 

initial population Wl. The pseudo random position of all the UAV-BSs in a given area is held in the vector Wl as 

follows: 
l

l l

l

x

W y

h

 
 

=  
 
       (21) 

with l=1,…,L. The optimal result from each node is saved as 
( , )l local

W
 and the node that offers the best utility 

in all iterations is kept as 
( , )l global

W
. From there, 

( , )l local
W

and 
( , )l global

W
are updated at each iteration (the velocity 

and movement of the nodes are computed based on them). The velocity 
l

V
 , 

1, ,
x

BS
N=

 at each iteration t is 

calculated using the following formula: 

( , )

1 1

( )

2 2

( ) ( ) ( )
( 1)

( ) ( )

  



 

 



  + −   
+ =  

 + −   

l l local l

l

global l

V t c W t W t
V t

c W t W t
   (22) 

in which   represents the inertia that controls the convergence speed and is generally chosen between 0.8 

and 1.2, c1 and c2 form the personal and global learning coefficients and υ1 and υ2 are two positive pseudo-random 

numbers generated for each 


. Then, the position of each element 


 in Wl is updated based on the following 

equation: 

( 1) ( ) ( 1)
l l l

W t W t V t+ = + +
       (23) 

 
4.1.3 PSO algorithm optimization 
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The process introduced earlier is repeated until we achieve convergence of the nodes. This state can be 

reached when the maximum number of iterations is attained. Note that the targets F2 and F3 cannot be achieved if 

the capacity constraint F1 is not satisfied. Figure 4 presents the pseudocode of the proposed algorithm that aims 

to find the optimal solution given by Wop=Wglobal for the 3-D placement of the UAV-BSs in an area like a stadium 

to serve τ percent of users based on their data traffic requirements. 

 

 
Figure 4 Pseudocode of the developed PSO algorithm. 

 
4.2 Cell planning using the GA 

The GA is a meta-heuristic algorithm that can provide an effective way to find solutions to complex (non-

convex) and large-scale optimization problems [36]. The GA works on a population that consists of specific 

candidate solutions, where the size of the population is the total number of solutions. Each solution is considered 

to be a chromosome and each chromosome has a set of genes. The characteristics of the solution represent each 

gene and each chromosome has a fitness value that is calculated according to the fitness function representing the 

quality of the chromosome. The GA uses a selection method called the roulette wheel method, in which the 

chromosome with a higher fitness value has a greater chance of surviving within the population. However, the 

selection process can only generate the best candidate solution with no additional changes to the chromosomes. 

To ensure the diversity of the solution and avoid falling into optimal local solutions, crossover and selection are 

applied after the selection process. In the crossover procedure, two chromosomes are selected in a probability of 

crossover rate to exchange information so that new chromosomes are generated. Each chromosome has a 

probability of mutation rate in the mutation procedure to replace a set of genes with new random values. 

 
4.2.1 GA process description 

This process repeats for t iteration until t reaches a predefined iteration limit. Figure 5 illustrates the general 

process of the GA and the notation parameters are presented in Table IV. In this GA model, for UAV-BS j, the 

combination (xj, yj, hj) is a gene.  

Placing genes for all the available UAV-BSs together, i.e., 
 , ,

x
BS

j j j
j N

x y h
   gives a chromosome. The 

required inputs include the total number of iterations (tmax), the number of populations in each generation (Np), the 

total number of UAV-BSs needed to be deployed at x (day or night) time (
x

BS
N

), the maximum altitude of UAV-

BSs (hmax), the mutation rate (pm), and the crossover rate (pc) for the GA, respectively. 
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Figure 5 Optimization technique process using the GA. 

 
Table IV. List of notations for the cell planning using the GA 

Notation Description 

t Iteration index 

tmax Total number of iterations 

Np Population size 

hmax Maximum altitude (in m) 

pm Mutation rate 

pc Crossover rate 

L The number of covered users 

ν A set of number of users covered by each UAV-BS 

̂  A set of total number of users covered by all UAV-BSs 

î  
Covered user 

κ1 First population 

 

 
4.2.2 GA expected output parameters 
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The outputs are the horizontal locations (xj, yj) as well as the altitudes (hj), denoted by L j, j = 1, 2, …, 

x

BS
N

, 

of all the UAV-BSs. First, 

x

BS
N

 empty lists are created and each of them is used to store the covered users of the 

corresponding UAV-BS. Then, two arrays (  and ̂ ) are created to store the number of users covered by each 

UAV-BS and the total number of users covered by all UAV-BSs, known as the fitness score. The first population 

(κ1) is generated by the creation of Np chromosomes, in which the horizontal locations of all UAV-BSs are 

initialized by assigning each of them with the equidistant point of three random user locations, while the altitude 

of the UAV-BSs is initialized by generating random numbers between 100 and hmax. The process continues with 

the application of the conditions of association between UAV-BSs and users. In our study, if the user receives a 

SINR (


i j ) greater than the SINR threshold (


t h ), the user can be associated with the UAV-BS transmitter and 

the number of covered users |L j | is stored in an array (ν). Otherwise, if the 


i j received is less or equal to 


t h , 

the user cannot be served by the UAV-BS transmitter and a negative number must be stored in the array ̂ , 

referring to a negative fitness value for this chromosome. The fitness function of the chromosome is the total 

number of covered users saved into the array. Next, the roulette wheel method is applied to update the current 

population (κt) and a random chromosome is chosen from within the current population to be the competitor. By 

comparing the fitness score of all chromosomes with the competitor, the chromosomes with fewer fitness scores 

are replaced with the competitor. Thereafter, in the crossover procedure, pc chromosomes are randomly selected 

and paired. Each pair is considered to be a parent chromosome. In each parent chromosome, genes from the first 

half of one chromosome and genes from the second half of the other chromosome are exchanged to produce the 

children’s chromosomes. All chromosomes have a pm probability of performing a mutation process in which a 

mutated chromosome gene is selected to be replaced by random horizontal locations and altitudes. 

 
4.2.3 GA implementation 

At this stage, we can obtain the result of the horizontal locations and the altitudes of aerial BS by choosing 

the chromosomes with the maximum fitness scores. Figure 6 displays the algorithm for UAV-BS deployment 

based on the proposed GA. 

 
Figure 6 Pseudocode of the developed GA. 
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4.3 Discarding the redundant UAV-BS 
At this stage, we have defined the 3-D placements of the UAV-BSs. In order to avoid redundancy, we must 

discard UAV-BSs whose absence does not negatively impact the capacity and coverage constraints. In other words, 

if a UAV-BS is discarded from the nodes and one of the optimization problem constraints is affected negatively 

by its absence during the simulation, we should keep that UAV-BS as it is considered indispensable for the 

operation of the network. To achieve this objective, we have to optimize the binary vector ρj and find the optimal 

UAV-BS combination while respecting the performance of Algorithm 1 presented in the earlier sections. This 

process starts by considering that all UAV-BSs are deployed in the target area (ρ(t) = [1, …, 1]). From there, we 

eliminate the UAV-BSs one by one and, for each, verify whether the problem constraints are still satisfied or not. 

If a UAV-BS j causes a degradation of the general performance, it cannot be discarded (ρj = 1). Otherwise, the 

algorithm will assume that UAV-BS j can be removed and placed in set σ. After checking all the UAV-BSs, the 

algorithm will only focus on set σ to find those UAV-BSs that can be safely eliminated before establishing their 

corresponding value in from ρj to 0. Among all the UAV-BSs in set σ, only the ones with the smallest impact on 

the number of served users can be eliminated. These UAV-BSs will be denoted 
ĵ

 and obtained by using the 

following equation: 

 ,

ˆ1 1,

ˆ arg max ( )


 
 = = 

= − 

x
S BSN N

uBS j s op s s
j i j j j

j N W A D

  (24) 

with s=1,…,Ns. This procedure will be repeated with the UAV-BSs in σ until the UAV-BS combination is 

obtained. Algorithm 3 as shown in Figure 7 elaborates on the details of how the redundant UAV-BSs are discarded 

from the nodes. 

 

 
Figure 7 Pseudocode of the developed algorithm with redundant UAV-BS elimination. 

 
4.4 Concluding remark on the two proposed planning methods  

Planning the placements of the UAV-BSs is an important step that must be taken before the devices can be 

deployed. This research focuses on using UAV-BSs to cover a stadium-sized area during some events. To achieve 

this goal, this report begins by defining the system model using a definition of the air-to-ground channel model 

that considers both LoS and NLoS [37]. In addition to the usual parameters that must be considered in the 

deployment of BTSs, the type of UAVs and their autonomy must be taken into account when considering the 
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deployment of UAV-BSs. Low-altitude platforms are suggested as they can fulfill the requirement of longer flying 

time while having enough altitude to be used as an aerial BS. We described the optimization problem that 

considers both the coverage and capacity constraints as well as the average spectral efficiency of the system in 

order to serve the ground users based on their QoS and traffic requirements. Two different methods, namely the 

PSO algorithm and GA were formulated to find the optimal 3-D placements for the UAV-BSs. Overall, 

overlapping tasks in the working area and signal redundancy from the deployed UAV-BSs have been addressed 

while maintaining the restrictions put forward earlier. 

 

 

5. CASE STUDY AND SIMULATION DESCRIPTION 
The overall objective of this work is to provide network coverage to a stadium-sized area during an event 

using UAV-BSs. We used the GA and PSO algorithm to determine the minimum number of UAV-BSs needed to 

serve the users based on their traffic requirements. We built the scheme while considering both the capacity and 

coverage constraints as well as the average spectral efficiency.  

 
5.1 Case study parameters 

This section reports and evaluates the results of the multiple simulations performed in order to verify the 

proposed approaches’ effectiveness and performance in the remaining part of the paper. This case study assumes 

that the stadium size to cover with the network is a rectangular stadium of 1000 × 100 m². The ground users that 

must be served can either sit or stand; nonetheless, we assume a total of 1,000 users can be covered in the area. 

However, for most events requiring the use of the area, most users are seated, thus nearing the site's edges, and 

only a few remain within the center of the field. This results in the creation of clusters; thus, we deliberately 

divided the area into inner and outer subareas. For the remainder of this experiment, we set the ground user density 

within the inner area to 10% of the total users.  The remaining 90% are all scattered throughout the outer area. We 

also assume that the UAV-BS in this simulation is equipped with omni-directional antennas to allow for full 3-D 

connectivity. The UAV-BS cellular network system will be simulated in this experiment using the MATLAB® 

environment and the parameters are presented in Table V. Additionally; Table VI presents the considered DL and 

UL parameters. To provide a diverse report overview in this simulation, we present two types of scenarios. The 

first is when the area to cover contains all 1,000 ground users that must be served within the network and the 

second scenario is when the number of the users is a bit lower (with only 60% of our total pre-defined ground 

users). 

 
Table V. Simulation Parameters 

Environment Parameter Value Environment Parameter Value 

a 9.61 hmax 600 m 

b 0.61 pc 0.08 

LoS


 
1 t h


 

-7 dB 

NLoS


 
20 N0 -174 dBm/Hz 

tmax 100 F 5 dB 

pm 0.01 Vmax 500 m 

fc 2 GHz Np 12 

α 30 bps/Hz L 12 dB 

BW 100 MHz pc 0.08 

ξ, τ 98% t h


 
-7 dB 

 
Table VI. DL and UL parameters 

DL Parameter Value UL Parameter Value 

RDL 100 Mbps RUL 50 Mbps 
DL

t
P

 
49 dBm UL

t
P

 
23 dBm 

DL

t
G

 
17.5 dB UL

t
G

 
0 dB 

DL

r
G

 
0 dB UL

r
G

 
17.5 dB 

 
The present subsection discusses the application case associated with simulation results of the UAV-BS 

deployment during the day. 

 
5.2 First case scenario: dense ground users 
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As described earlier, there are 1,000 ground users that must be served within the area of interest in this first 

case. The initial number of UAV-BSs at the start of the simulation is set to 34. The ground users are scattered 

within the area to cover, but we still keep two clusters and the subareas shown in Figure 8. The blue dots represent 

the ground users. Considering the stadium’s geometry, only a small percentage of the users are in the central area 

(subarea 1), as most of them are located in the seating zone of the stadium.  

 

 
Figure 8 Distribution of users during the first case study. 

 
5.2.1 Deployments simulation of the UAV-BSs using the PSO algorithm and GA 

As mentioned earlier; to serve these users based on the capacity and coverage constraints as well as the 

average spectral efficiency, we must experiment with the deployments of the UAV-BSs using two methods. The 

first uses the PSO algorithm presented in Figure 9. The steps of that algorithm are detailed in Figure 10.  

The algorithm applies the following settings: the initial population size L is set to 12 and the velocity Vl
φ ϵ [-

Vmax, Vmax] with Vmax is the maximum achieved velocity. To limit the movement of UAV-BSs from one iteration t 

to another, we choose Vmax = 500 m. F1 is the utility function that satisfies the capacity constraint and finds the 3-

D locations of the UAV-BSs. The utility functions F2 and F3 satisfy the coverage constraint and the average 

spectral efficiency while maintaining the capacity constraint. The second phase of the experiment was to use the 

GA presented in Algorithm 2 (Figure 5) to find the 3-D placements of the UAV-BSs. The settings applied to the 

GA in order to achieve this goal are as follows: the initial population size Np is set to 12, the iteration limit tmax is 

fixed to 100, and the mutation rate pm and the crossover rate pc are configured to 0.01 and 0.08, respectively. 

Figure 10 presents this process followed by the GA.  
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Figure 9 UAV-BSs deployment process with the PSO algorithm. 
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Figure 10 UAV-BSs deployment process with the GA. 

 
5.2.2 Redundant UAV-BS elimination 

After finding the 3-D locations of the UAV-BSs by using either the PSO algorithm or the GA, we introduce 

a third algorithm in Figure 11 for discarding redundant BSs from the deployment. Based on our experiments, the 

final number of UAV-BSs required to serve all the ground users is different depending on whether the PSO 

algorithm or GA was used. From the PSO algorithm, the number of UAV-BSs required is 33. Among the 34 

UAV-BSs proposed in the initial stage, one BS was identified as redundant. From the GA, all 34 UAV-BSs were 

identified as essential for deployment in order to serve the ground users.
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Figure 11 Redundant UAV-BSs elimination process. 

 
5.2.3 UAV-BS deployment simulation 

In Figures 12, we report the 2-D projection of the UAVs placements and the distribution of the users within 

the studied area. The red and magenta triangle shape represent the UAV-BSs. The red UAV-BSs (mostly in the 

center) are tasked to cover subarea 1, whereas the UAV-BSs colored in magenta are tasked to cover subarea 2 

(the outer region). The figure makes it easy to see the disproportion of the user density of the inner and outer areas. 

Thus, making it clear that more UAV-BSs are required to cover this outer area in order to satisfy the ground users’ 

downlink and avoid congestion. 
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Figure 12 2-D projections of UAV-BSs locations and ground users’ distribution from the deployments using (a) PSO algorithm and (b) GA. 

 
5.2.4 Deployment of 2-D and 3-D distribution and SINR of the UAV-BS 

The association policy between users and the UAV-BSs is based on the best SINR. As a result, the coverage 

and altitude of the UAV-BSs are different for the PSO algorithm and GA, as shown in Figures 13. The 3-D 

locations of the UAV-BSs in Figures 13(a) and 13(b) indicate that, in subarea 2, which has a higher density of 

ground users, the average altitude of the UAV-BSs is lower than in subarea 1. Thus, a densely populated area with 

ground users requires more UAV-BSs. However, to avoid interference when servicing ground users and avoid 

competition between the drones, which will result in a decrease in the general network, UAV-BSs that compete 

with other UAV-BSs knowing that the nearby ground users are already served by others, should decrease their 

altitude to reduce their coverage radius and minimize interference. In the central area (subarea 1), where the user 

density is lower, the UAV-BSs tend to increase their altitudes to decrease the path loss and cover more ground 

users in the area. 

 

 
Figure 13 3-D locations of UAV-BSs from the deployments using  

(a) PSO algorithm and (b) GA. 

 
5.2.5 Comments on the simulation performance 

To determine the quality of service and the performance of the system, the cumulative distribution function 

(CDF) of the SINR when deployments were assessed based on the use of the PSO algorithm and GA, respectively. 

When the SINR received by the ground user is less than or equal to -7 dB, the probability of having an association 

between that ground user and the UAV-BSs transmitter is 0. However, when the SINR received increases, the 

probability of having an association between the UAV-BS and the ground user also increases. The performance 

of the PSO algorithm compared to the GA is illustrated in Figure 14. In the deployment targeted 


Day

U
N

 with 980 

simulated ground users, representing 98% of the total ground users within the studied area, the PSO algorithm 
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was compared to the GA and reached the target at the 22nd iteration, whereas the GA needed until the 44th iteration 

to meet the target. 

 

 
Figure 14 Convergence speed of the PSO algorithm and GA. 

 
It should be noted that, in the PSO algorithm, the coverage utility is equal to the utility function F1 when F1 

is greater than zero. However, for negative values of F1 and if the utility function F2 is greater than 
−

Day

U
N

, the 

coverage utility is equal to F2; otherwise, it is equal to the utility function F3. 

 
5.3 Second case: fewer ground users 

The present section discusses the experiments and simulation results of the deployment of UAV-BSs with a 

reduced number of ground users to serve scattered around the same stadium-sized area. Thus, in our setup, we 

initially estimated that 20 UAV-BSs are needed to serve 600 ground users. Similar to the setup in the first case, 

the placements of the ground users are scattered throughout the target area.  

 

 
Figure 15 Distribution of users based on the second case study. 

10% are distributed in subarea 1, whereas 90% are distributed in subarea 2. Figure 15 presents a visual of 

our initial setup. 

 
5.3.1 Deployments simulation of the UAV-BSs using the PSO algorithm and GA 

The deployments simulation of the UAV-BSs using the PSO algorithm and GA follows the same process 

and parameters as we introduced in the first case. Thus, aside from the initial number of ground users and the 
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estimated UAV-BSs used in the PSO algorithm and GA, the next step is to find the 3-D placement of the UAV-

BSs and eliminate the redundant BSs. In Figure 16, the blue dots represent the ground users, while the red and 

magenta triangles represent the UAV-BSs in subareas 1 and 2, respectively. The outcome in terms of performance 

for both the PSO algorithm and GA is presented in Figures 16 and 17. The PSO algorithm and GA both require 

20 UAV-BSs to cover the specified area. The central area (subarea 1) only has 2 UAV-BSs scattered away from 

each other compared to the other UAVs in subarea 2, which has a higher density of ground users to serve. Looking 

at the altitude of the UAV-BSs, the same pattern we had introduced in the first case is kept. Meanwhile, in the 

subarea with higher user density, we have generalized UAV-BSs flying at a lower altitude. This can be explained 

as the optimization objective’s outcome targeted at reducing overlap that causes interference. 

 

 
Fig. 16. 2-D projection of UAV-BSs placements and ground user distribution from deployments using (a) PSO algorithm and (b) GA. 

 

 
Fig. 17. 3-D locations of UAV-BSs from the deployments  

using (a) PSO algorithm and (b) GA. 

 
5.3.2 Discussion on SINR and convergence performances  

For the QoS and the system’s performance, the SINR distribution, reflecting the probability of association 

between a user and a UAV-BS transmitter if the user receives an SINR higher than -7 dB. The convergence speed 

of the PSO algorithm was also compared to the GA during our simulation deployment for this second case. The 

target 


Night

U
N

is 588, representing 98% of the total ground users for this second simulation. Similar to our outcome 

in the first simulation, the PSO algorithm performed faster than the GA and achieved the target at the ninth 

iteration, whereas the GA requires 30 iterations to do the same. 
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5.4 State of the art on the UAV-BS optimization algorithm  

The internet access allowing customers to post photos on social media and streaming video has become 

important in a complex urban environment [38-39]. Few recent years ago, the use of UAVs in wireless 

communications has attracted widespread attention. To meet these needs, a ground BS is not an appropriate 

solution because when there is no sporting event, there is a high probability that the BS will have only a few loads 

or will have no charge. In this case, using UAVs as BSs with appropriated optimization planning method as 

developed in the present paper is a suitable solution. 

Different algorithms were proposed to optimize the UAV-BS, for example, to reach a precise monitoring 

with trajectory planning in the urban environment [40]. A concept of multi-layer operation of UAV-BS cellular 

network was proposed [41]. It acts as an intelligent deployment of UAVs in 5G heterogeneous communication 

environment for improved coverage. A survey and various protocols of classification and associated architectures 

UAV assisted 5G and beyond wireless networks were proposed [42]. An overview on reinforcement learning 

algorithms and planning wireless cellular networks can be found in [43-45].  

During an emergency or disaster situation, a drone can be used as a BS if the ground installation is destroyed 

or if the required services are not available. The UAVs can also be used as trunks where some improvements are 

required for the performance of existing networks. Using a drone as a wireless communication node as a relay or 

BS can reduce operating costs. Besides, deploying UAV-BS is simpler and more flexible than traditional BS. 

Nowadays, research work enabling to plan the deployment of UAV-BSs for sporting events in 5G cellular 

networks is needed. Then, the performance of the use of UAVs as BSs should be evaluated. Research work aiming 

to serve wireless network users at sports events through UAV-BSs and having main objective to maximize 

network revenues is needed. Based on the present study more than hundred drone BSs can optimally serve users 

based on their traffic and QoS requirements under challenging items: 

• Determining the minimum number of drone-BS that can cover a stadium and, 

• Identifying the capacity constraint, coverage constraint, and 3-D placement of UAV-BS by providing a 

heuristic algorithm based on problem optimization. 

 

6. DISCUSSION, CONCLUSION AND FUTURE WORK 
In this work, we present the use and planning of UAVs as base stations while minimizing the number of 

devices deployed and covering the requirement coverage given the predefined stadium-sized area. We achieved 

this goal and were able to serve the ground users with their traffic requirements. The defined optimization problem 

considered the capacity and coverage constraints as well as the average spectral efficiency of the system. We used 

and compared the performance of both PSO and GA on their ability to provide a reliable, usable, and effective 

solution in finding the 3-D placement of the UAV-BSs. To be efficient, we reduced the number of drones to 

deploy to the minimum required by discarding the UAV-BSs judged to add redundancy to the network. However, 

we ensured that UAV-BSs discarded from the nodes did not negatively affect the coverage or network quality. 

We experimented and simulated the proposed deployment planning with different parameters and the number of 

ground users to be served. Considering the UAV-BSs are positioned according to the solutions' 3-D coordinate 

placements and the ground users connected to them are serving the highest suitable signal, the CDF of the SINR 

shows that these approaches satisfy the quality of the service required. The PSO algorithm performed faster and 

better when compared to the GA and has proven to provide acceptable solution performance proportional to the 

number of ground users that need to be served and the area that needs to be covered. In a nutshell, the approach 

based on the PSO algorithm is an efficient and feasible method to deploy UAV-BSs that satisfies the coverage 

and capacity constraints while achieving a good target QoS in the next generation of the network. 

The present research introduces some promising concepts for the future generation of wireless network 

technology. The future study by developing the proposed simulation will take into account deeper analysis, like 

studying signal fading, energy-speed trade-offs, atmospheric turbulences [46-47] and real-world rules. As ongoing 

research, we are working on developing the UAV-BS operation for the elaboration of multi-beam steering by 

using negative group delay (NGD) based stair phase shifters as introduced in [48-49] to overcome issues related 

to the latency and signal propagation delay [50]. In the future, we aim to use this work as a foundation to produce 

a UAV-BS innovative NGD equalization technique with delay synchronization [51-52]. 
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