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Abstract: Unmanned Aerial Vehicles (UAVs) equipped with WiFi access points can be used to1

provide wireless communication services in open geographical areas. This paper formulates a2

new problem for UAVs the optimal deployment to provide QoS-guaranteed real-time placement3

of Unmanned Aerial Vehicles (UAVs) geared towards wireless coverage provision for Voice over4

WiFi (VoWiFi) communications. service to a set of ground users confined in an open area. Our5

goal objective function is to find constrained not only by coverage but also by VoIP speech quality6

and minimizes the ratio between the number of UAVs (and their positioning) deployed and energy7

efficiency in UAVs, hence providing the layout that minimizes requires less UAVs per hour of service.8

Solutions provide the UAV turnover rate while considering coverage number and QoS constraints.9

We propose position of UAVs to solve the optimization problem through be deployed, and are found10

using well-known heuristic search methods, methods such as genetic algorithms (used for the initial11

deployment, deployment of UAVs), or particle swarm optimization (used for periodical updates12

in dynamic scenarios. Then, an example scenario is solved and obtained results are validated via13

simulation. Via numerical results, we proved that radio communications represent about 15 update14

of the UAV power, which highlights positions). We examine two services of potential interest: (a) one15

bidirectional VoWiFi channel per user; (b) single broadcast VoWiFi channel for announcements. For16

these services, we study the benefits results obtained for an increasing number of considering energy17

consumption users confined in the optimization problem.18

Keywords: UAV; Voice over IP; Wireless LAN; IEEE 802.11; Voice over IP over WiFi; VoWiFi; Quality19

of service (QoS). Service; Energy20

1. Introduction21

The WiFi mac-sublayer imposes more restrictive bounds over the number use of concurrent22

users who can enjoy QoS-guaranteed real-time Unmanned Aerial Vehicles (UAVs) for wireless23

communications than simply considering signal coverage [1,2]. In fact, there is have experienced a24

maximum number rapid growth in a broad range of VoIP flows application domains [3]. On-board25

communication devices enable UAVs to enhance coverage, capacity, reliability or energy efficiency of26

wireless networks. Note however, that an AP can handle with QoS guarantees, namely, VoIP capacity27

[4–6]. For example, an AP performing IEEE 802.11b can handle the drone communication technology28

has a maximum of 15 simultaneous calls [7], even though decisive impact on the number of stations29

associated data rate and range usable in the mission [8]. The predominant technology in UAV-related30

literature is cellular (i.e., UAVs are used as aerial base stations) [9], but it is not uncommon to find31
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studies with other technologies for UAV-to-ground communication such AP could be multiple times32

greater.33

In a previous as WiFi [10–12] or Bluetooth[13]. This work [14] we took a first step into considering34

the mac-sublayer and QoS takes WiFi as enabling technology for UAV-to-ground communication,35

which provides a constraint in the optimal initial deployment problem, defining an objective function36

that minimized the number data range of UAV-mounted APs to be launched (and their position) while37

considering both, signal coverage 11Mbps-1Gbps and VoIP capacity in a service fitted for search and38

rescue missions. The behaviour range of the WiFi mac-sublayer was accounted for (i.e. modeled) up39

to predict network performance and radio power consumption at ground user’s terminals. As such,40

among solutions with the same number of APs, the one with the least power consumption at 250 m41

(depending on the user terminal was preferred since prolonging casualties phone battery is valuable42

in disaster scenarios. However, albeit first of its kind, this work exhibits some limitations. First, it43

considers only a two-channel VoIP service which (although adequate revision).44

Deploying UAVs for rescue missions) may result wireless networks brings in new opportunities45

such as creating a large number of UAVs required. Secondly, provisional communication infrastructures46

in Search and Rescue (SAR) missions [3,15], but it disregards the fact that UAVs have to be47

replacedAutonomous charging for UAVs also brings multiple challenges such as optimal 3D placement,48

performance analysis, path planning, backhaul connectivity or energy limitation, just to enable49

long-endurance missions [16] could be an alternative approach not considered in name a few [9,17].50

In this work. due work, we are going to battery exhaustion after 15-20 min. The number deal with51

the challenge of UAVs finally launched will depend on both, optimal multi-UAV 3D placement in the52

number context of creating a provisional WLAN (i.e., UAVs required are used as aerial Access Points -53

AP) to provide the ground users with VoIP over WiFi (VoWiFi) service. A distinctive characteristic of54

this service and their endurance.55

UAVs endurance is that 3D placement has to consider not only coverage (e.g., [1,2]) but also the56

VoIP speech quality [14] as the mac-sublayer of the communication protocol limits the number of57

simultaneous VoIP flows that APs can handle with quality of experience1. This limit is known as VoIP58

capacity [4–6]59

The optimal 3D placement of UAVs is a challenging task that has received significant attention60

from the ratio research community [9,17–19]. The problem has to take into account multiple factors61

such as the terrain, location of users, UAV-to-ground channel characteristics or radio interference62

between UAVs, and in our case, the energy available (i.e. battery capacity) Quality of Service (QoS).63

According to Sharkoor et at. [20], another factor to be carefully taken care of "when deploying UAVs is64

their flight time and required power [21]. Energy energy constraints". Indeed, the authors provide65

an excellent review of literature with emphasis on the energy efficiency perspective, dissecting the66

factors affecting energy consumption models take into consideration every power draw in UAVs such67

as hovering, climbing, UAV placement, UAV-user association, flight-time, mobility, trajectory, and68

UAV communication and mechanical energy. Although optimal 3D placement has been extensively69

addressed, the comparison between works is difficult as they have different objective functions and70

constraints. In general, we can classify them roughly as (a) those that minimize the number of UAVs71

deployed [22–25] (i.e. minimize deployment cost); (b) those maximize energy efficiency or providing72

a communications service [26,27]. battery lifetime [28–30] (i.e., UAV endurance models have been73

used in energy-aware [21]). Energy-aware UAV optimal deployment problems to account for typically74

considering the power consumption either due to the flight [28] or due to either radio transmission75

[29,30]. Before battery exhaustion, UAVs need communication [29,30] or mechanical energy [28] using76

energy consumption models [26,27]. The reader is encouraged to be replaced read the surveys [8,20,31]77

1 For example, an AP performing IEEE 802.11b can handle a maximum of 15 simultaneous calls [7], even though the number
of stations associated to such AP could be defined multiple times greater.
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for service continuity. a more detailed list of works and references that address the problem of 3D78

placement with emphasis in energy consumption.79

Motivation80

Long-duration activities may require drone hot replacement due to battery exhaustion. Our81

previous work was fitted for search and rescue missions in which extending users’ phones battery82

life was In the priority. However, requirements may be different in other non-critical scenarios (e.g.,83

concerts) in which context of this work, we would like to deploy aerial APs to provide a QoS-guaranteed84

VoIP VoWiFi service to ground users (not necessarily all of them) during a in an outdoor long-duration85

activity (e.g. concert or similar longer time. 20-25 min) that will likely require drone hot replacement86

due to battery exhaustion. In this context, the following considerations should be taken into account:87

• A low drone turnover rate (e.g., UAVs/hour) is desirable As mentioned earlier, besides coverage,88

the multi-UAV 3D optimal placement has to minimize consider VoWiFi speech quality for which89

the deployment cost in long-duration scenarios. Thus, mac-sublayer of the communication90

protocol is crucial. To the best of our knowledge, the only work that considers this factor91

[14] sets the focus only in addition to minimize minimizing the number of UAV launched at92

UAVs deployed2 disregarding energy expenditure at UAVs (e.g., flight, communications), which93

efficiency in turn determines their operation lifespan. UAVs.94

• Voice applications require QoS guarantees to avoid a general degradation The number of users’95

experience, so a correct estimation UAVs required for the mission depends not only on the UAVs96

initially deployed but also on the number of UAVs launched for the VoIP capacity is crucial97

replacement of those in battery exhaustion. Thus, besides minimizing the deployment number98

of VoWiFi services. UAV initially deployed, we should also seek the placement that maximizes99

the UAVs operation lifespan, considering UAV communication and mechanical energy.100

• Long-duration events must should consider users’ mobility, so users mobility. So besides the101

initial 3D placement, there should be a dynamic method in place so that UAV dynamically102

relocate themselves for UAVs relocation is required. service continuity.103

Contribution104

This paper defines and solves a new optimization problem that finds the number and position105

of UAVs to be deployed to cover over an user-defined portion of ground users that provides the106

minimum drone turnover rate with guaranteed VoIP QoS. This can be applied area to provide VoIP107

VoWiFi service to a set of ground users confined in known areas (i.e. with limited bounds) where users.108

Our optimal 3D placement minimizes the number of users and their location is known (i.e. semi-static),109

or periodically executed on dynamic scenarios where a fixed number UAVs deployed over time (i.e.,110

rate of users are moving (an external location tracking system is required). drones per hour of service)111

while satisfying coverage and QoS constraints.112

The contributions of this paper can be summarized as follows:113

• We mathematically formulate a new UAV optimal deployment problem that accounts for UAVs114

turnover rate, coverage, and quality of service.115

• We provide an analytical model that predicts the speech quality in a IEEE 802.11 WLAN for a set116

of VoIP traffic sources.117

• We provide an analytical model that predicts UAV energy expenditure due to wireless118

communications. This information is used along with flight energy consumption to predict119

UAVs endurance.120

2 If multiple solutions with similar number of drones were found, the initial deployment, we should also consider one that
extended the battery life of served users was chosen, overlooking the UAV power expenditure.
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• We solve the UAV optimal deployment problem by using well-known heuristic methods such as121

genetic algorithm and/or particle swarm optimization.122

2. Related works123

The deployment124

There are multiple survey papers that address the optimal placement of UAVs to conform a125

communications network has been extensively studied over the for wireless communications. In this126

section, we scrutinize four recent years. Each work however, models the problem in its own way127

surveys and sets the focus on specific aspects of the deployment. In those complement them with128

other related works devoted applicable. Our goal is to UAV-to-ground communication (i.e. the radio129

coverage clarify how our work compares with state of ground users is always considered), there is130

diversity in art related works.131

The authors in [8] review the variables optimised on each work literature for multiple drone132

applications such as number of drones drone base-stations, search and rescue, or surveillance and133

monitoring, which is a challenging tasks due to be deployed versus fixed number the disparity of134

drones, or goals and constraints. Regarding energy efficiency and 3D placement, in drone versus135

ground user terminal. Besides [30] the optimization problem, there may be differences authors suggest136

an algorithm that minimizes transmit power in some aspects such as radio channel interferences, the137

application (e.g., VoIP versus data), or the mobility 3D placement of ground users. Table 1 summarizes138

the main related works one drone and shows how they can be compared with ours. assess their139

approach by simulation. 3D placement of one aerial base station was also proposed in [29]. In this case,140

the authors proposed an placement algorithm that maximizes the number of covered users using the141

minimum transmit power. In both cases, only the power related to radio communication was taken142

into account. In [32] the authors propose a placement algorithm for a set of UAV-mounted 5G aerial143

base stations that maximizes the capacity boost provided by the UAVs in each considered time frame144

and extends the battery life of the served mobile users. Unfortunately, the authors did not model145

the energy consumption and simply stated that "intuitively, less power is needed if the Gateway is146

closer to the users". In a context similar to ours, in [14] we proposed a 3D placement algorithm that147

minimized the number of aerial APs deployed to provide VoWiFi to ground users. As such, it is the148

only related work in which speech quality has been considered as a constraint. However, the subject of149

minimization was the number of deployed UAVs, and only if multiple solutions with similar number150

of drones were found, the algorithm selected the layout that extended the battery life of served users,151

overlooking the power expenditure in UAVs.152

The survey paper [9] addresses the use of UAVs for wireless networks. The paper provides a state153

of art in optimal deployment of UAVs as flying base stations. In their previous work [33], the authors154

addressed the optimal deployment and mobility of multiple UAVs for energy-efficient data collection.155

In this case, the authors minimize the total transmit power of IoT devices (i.e., ground users) during156

UAVs trajectories. Other works such as [19,24,25,34–39] address the 3D optimal placement problem157

considering coverage of ground users using several different approaches, but ignore energy efficiency.158

Some of these works consider interference between UAVs[34].159

Another excellent paper is [31], where the authors survey recent research addressing 1-3D160

placement optimization for aerial base stations. The authors highlight the diversity of objectives161

in the optimization problem such as maximizing the system capacity, minimizing the required162

number of UAVs [35], or minimizing the total transmit power of the entire aerial system [40]. The163

algorithms used for optimal placement also exhibit diversity and includes force brute search [38],164

Genetic Algorithms [41], K-means clustering [42] or transport theory [40]. This survey also provides a165

review of power-efficient operation of aerial base stations emphasizing that researchers typically work166

on either reducing communication energy (i.e., minimize the transmission power) of either the drone167

or ground users [18], or reducing mechanical energy of UAVs. For the latter is necessary to count with168

an energy consumption model [23] which largely depends on hovering. As the authors put it, "one169

it is not necessary
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paper objective multi-UAV UAV-to-ground UAV UAV user speech quality
technology mechanical power radio power radio power constraint

[30] minimize transmit power no cellular no yes no no
[29] maximize coverage with minimum

transmit power
no cellular no yes no no

[32] maximize capacity and extend
battery life of mobile users

yes cellular no yes yes no

[33] minimize transmit power of mobile
users (deployment and mobility)

yes cellular no no yes no

[24] minimize number of UAVs yes cellular no no no no
[40] minimize the total transmit power of

the entire aerial system
yes cellular no yes no no

[43] minimize total power consumption
given predicted traffic

yes cellular yes yes no no

[44] minimize total power consumption yes cognitive radio yes yes no no
[14] minimize number of UAVs yes WiFi no no yes yes
this paper minimize the ratio between the

number of UAVs and UAVs’
endurance

yes WiFi yes yes no yes

Table 1. Comparison of main works assume that a sufficient signal strength (e.g. SNR) is enough
to guarantee QoS requirements, which is not a valid assumption in IEEE 802.11 networks [7]. Our
previous work in [14] proposed a new optimization problem that provided a QoS-guaranteed VoWiFi
service related to 3D optimal placement of UAVs for communication

solution to control the energy consumption of AUVs is to regulate their height. However, changing the170

height might reduce the performance of UAVs". This trade-off is also applies to this work and it will171

be addressed in the next Section. Finally, the survey provides a list of testbeds and real experiments in172

the literature. Interestingly, although most UAV communication research is focus on deploying UAVs173

as aerial base stations (i.e., cellular technology such as 3G/4G/5G), the majority of testbeds use WiFi174

(IEEE 802.11 b/g/a) as communication protocol such as in this work.175

Only in [20] one can find a review of the literature with particular emphasis on the176

energy-efficiency perspective. Besides pointing to +20 other UAV communication-related existing177

surveys, the authors discuss the main factors affecting UAVs’ energy consumption. One of these178

factors is UAV placement. As such, the authors review energy-efficiency algorithms for optimal UAV179

placement in the literature. In [43] use Machine Learning for optimal placement of UAV-mounted180

base stations given the predicted traffic. In their approach, they first find the optimal partitions of181

service areas. Next, the optimal location of each UAV that minimises the total power consumption is182

derived. While the authors model the transmit power of all UAVs needed to satisfy the data demand,183

they fail to use a mechanical energy model and simply minimize UAVs travel distance, assuming that184

the mechanical power is proportional to it. In [44] propose a solution to minimize UAV’s mechanical185

and communication energies while integrating cognitive radio technology. The optimisation problem186

is solved with a deterministic algorithm based on the Weber formulation and its performance is187

compared to that of a meta-heuristic algorithm, namely particle swarm optimization algorithm (PSO).188

In this case, the authors model The total energy consumption of a drone with two components, namely189

the hover and transition energies needed for its movement and the communication energy needed to190

transmit.191

Finally, Table 1 compares the main related works with our proposal. The uniqueness of this192

work lays on a new objective function for the problem of multi-UAV optimal 3D placement. The193

consideration of WiFi and its mac-sublayer on the speech quality (as a constraint) can only be found194

in [14]. However, [14] does not model the energy consumption in the UAVs and has a different195

objective function, as so does other works that model the mechanical and communication power in196

UAV-installed base stations such as [43,44].197

3. QoS and UAVs Endurance in VoWiFi Networks198

The optimization problem addressed in this work provides the number and position of a set199

of UAVs to the deployed over a known area to provide WoWiFi service to a set of ground users at200

known positions. Our objective function minimizes the ratio of drones per hour required to provide201
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this service constrained to both user’s coverage and user’s speech quality (i.e., QoS). In this section202

we study the relationship between drone position, QoS and UAV endurance. Figure 1 illustrates two
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Figure 1. UAV-based VoWiFi network
203

UAV-mounted APs providing VoWiFi to ground users3. On the leftmost part, a lower-altitude drone204

provides coverage to four users. Their traffic (red lines show VoIP traffic flows) is aggregated at the205

UAV-mounted AP and this traffic load may influence not only the QoS perceived by these users, but206

also the power consumption of the UAV due to the transmission/reception of packets. The rightmost207

UAV however, is covering eight ground users so its AP aggregates more traffic which may have an208

impact on the QoS perceived by ground users. Hovering at a higher altitude and servicing more users209

will likely result in more energy expenditure due to both hovering and more transmission/reception.210

Thus, the rightmost drone is expected to be replaced earlier than the leftmost drone due to earlier211

battery exhaustion. This simple example illustrates how the decision variables of the optimization212

problem (i.e., number and position of drones) have an impact on both, the level of speech quality213

perceived by VoIP users and UAVs’ energy expenditure.214

Next, we provide the analytical expressions used to model VoWiFi’s QoS and UAV’s energy215

expenditure as both aspects are central in the problem’s objective function.216

3.1. Modeling QoS in VoWiFi217

Each UAV-mounted AP and its associated stations can be studied as an independent IEEE 802.11218

system as illustrated in Figure 2. Although all stations have a common Medium Access Control protocol219

(i.e. MAC sub-layer), the Modulation and Coding Scheme (MCS) set on each station is automatically220

self configured seeking the greatest possible data bit-rate achievable with the present signal strength.221

Table 2 shows different MCSs defined for OFDM modulations (e.g. 802.11 a/g) and the minimum222

signal strength required for each one.223

Speech VoIP is a mature technology that counts with several methods for the assessment of voice
quality [45]. At the planning stage, the method predominatly used in literature for QoS assessment is
the E-Model [46] since it allows one to estimate the speech quality can be estimated by using coming
down to the effect that the VoIP traffic load has on network performance in terms of packet loss and
delay. The E-model [46], which provides a quality score termed R factor from 0 (poor) to 100 (excellent).

3 Note that only the UAV-to-user communication is considered and the communication between UAVs or with the data
network backhaul is taken for granted.
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Modulation Coding rate Data rate Sensitivity
(Mb/s) (dBm)

BPSK 1/2 6 -82
BPSK 3/4 9 -81
QPSK 1/2 12 -79
QPSK 3/4 18 -77

16-QAM 1/2 24 -74
16-QAM 3/4 36 -70
64-QAM 2/3 48 -66
64-QAM 3/4 54 -65

Table 2. 802.11 sensitivity relations for OFDM modulations with 20 MHz channels.
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Figure 2. Communication system for each drone

A conversation is generally acceptable when its R factor is above a minimum value (Rmin). The
QoS-level of VoIP (excellent) which can be readily obtained using the following expression [14,47,48]:

R = R0 � Ie + (95 � Ie)
Ppl

Ppl
BurstR + Bpl| {z }

Ie,eff

� (0.024d + 0.11 · (d � 177.3) · H(d � 177.3))| {z }
Id

(1)

where:224

• Ie,eff represents a combination between impairment equipment parameter at zero packet loss (Ie),225

and a function of Ie that is dependent depends on Ie, the packet loss rate rate, and packet loss226

behaviour. Ie is a codec-dependent constant associated with codec compression degradation4,227

Bpl represents the codec packet loss robustness, which also has a specific value for each codec228

(listed in ITU-T Rec. G117 Appendix I), Ppl represents the packet loss rate (in %) in the WiFi229

channel and finally BurstR characterizes the burst ratio (i.e. equals 1 if packet loss if random and230

greater otherwise). In this paper, we use the G.711 codec (Ie = 0 and Bpl = 25.1) and assume that231

losses are random losses (i.e. BurstR = 1).232

• Id accounts for all impairments due to associated with the delay of in the communication chain. A233

widely accepted approximation for Id can be obtained from one-way delay in the communication234

path, path d, where H is the Heaviside function5. The one-way delay d (in milliseconds) is235

4 A list of values from ITU-T codecs were presented in ITU-T Rec. G.113 Appendix I.
5 H(x) = 0 for x < 0 and H(x) = 1 for x > 0. x > 0. In our case x = d � 177.3.
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further composed of includes the delay in the WiFi network delay plus 20 ms that accounts for236

the packetization interval of the codec.237

Finally, one can substitute Ppl and d with All terms in (1) are known but the network delay d238

and packet loss rate Ppl . The values for this two factors will be obtained from our WiFi mac-sublayer239

analytical model to calculate the R factor for each UAV in deployed6 (and its associated users). R is240

one of the constraints of our problem. objective function, and its computation will be addressed in241

Section 5.2.2.242

3.2. Modeling UAV endurance243

Commercial UAVs for high-power244

Endurance can be described as the total time taken during flight (TFlight) until the UAV’s battery is245

depleted. High-power performance commercial UAVs are typically powered by LiPo batteries, whose246

energy density varies between 150 and 300 Wh/Kg. UAVs endurance is commonly limited by In this247

work, the power consumption due UAV energy expenditure will consider two factors: flight and radio248

communication, being the former dominant in the energy budget.249

According to [26], the drone’s rotor-based configuration [26].250

The energy (in Wh) required during UAV flight associated with flying can be broken down into
three different flight stages [26]: stages:

EFlight = EClimb + ETranslational + PHover · THover| {z }
EHover

(2)

where EClimb represents the energy required stands for the energy associated with vertical climbing251

movement, climbing, ETranslational is the energy spent in lateral transitions and EHover accounts for the252

energy spent while hovering (i.e. static). However, as As proved in [49], considering the hovering as253

dominant factor (i.e. THover = TFlight is clearly dominant and EClimb = ETranslational = 0), overshadows254

the other two, and thus, the expression in (2) can be simplified to its last term.255

While Equation 2 only accounts for energy related to flying-related tasks, we must also consider256

to its last term.257

Besides (2), the other contributing factor to energy consumption is the power spent by on the AP
radio in providing used by the VoWiFi service. Therefore, the total energy E spent by the UAV can be
expressed as follows:

EERadio = PHover · TFlight + EWiFiEWiFi + EBackhaulERadio EBackhaul (3)

where EWiFi represents the energy consumed by the wireless IEEE 802.11 card of the Access Point (AP)258

and EBackhaul accounts for the energy consumed by the radio link to used for the backhaul network.259

Assuming no Power Saving (PS) mechanism is being used, EWiFi that network cards are not
running power saving mechanisms, the first term of (3) (EWiFi) can be further decomposed as:

EWiFi = PWiFi · TFlight = rtx · Ttx + rrx · Trx + ridle · Tidle (4)

where Ttx, Trx and Tidle stand for the time spent by the network interface spends card on transmission,260

reception and idle states respectively (their sum must be TFlight) TFlight); and rtx, rrx and ridle stands261

stand for the respective power consumption of coefficients (which depend on the network interface262

during those states. card). The time spent taken on each state depends on the traffic handled processed263

by the AP during the flight duration, flight, which in turn will depend depends on the VoIP traffic264

6 We assume that backhaul networks do not introduce any negative impacts into QoS (i.e., infinite bandwidth), or it can be
considered as a constant in R

check the dot
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pattern, the MCS used Modulation and Coding Scheme (MCS) at each station, and retransmissions265

that may occur due to noise or collisions. Consequently, the aforementioned analytical modelling of266

In Appendix A we derive closed-form expressions for the mac-sublayer will also let us calculate this267

factor.268

Although temporal factors in Equation (4) for the energy consumption at IEEE 802.11 mac269

sub-layer.270

Regarding the second factor in (3), 7 we could can assume that in general it is will be proportional
to the WiFi consumption:

EBackhaul = K · PWiFi| {z }
PBackhaul

·TFlight (5)

where K is a constant that represents the relation between both radio consumptions. In the rest of the271

paper we use K = 1 so PBackhaul = PWiFi.272

Therefore, the total energy E spent by the UAV can be expressed as follows:

E = EFlight + EWiFi + EBackhaul| {z }
ERadio

(6)

Finally, assuming hovering as the dominant factor in Equation (2), the expected flight duration
(in hours) of the UAV can be expressed as:

TFlight =
EBattery

PHover + (1 + K) · PWiFi
(7)

where EBattery represents the battery energy in Watts per hour. TFlight is one of the factors of our273

objective function and its computation will be addressed in detail in Section 5.2.3.274

4. Problem Statement275

4.1. Terminology and assumptions276

Figure 3 illustrates how As in most related works, we discretize the flying zone is discretized.277

space such as illustrated in Figure 3. The collection of edges of the drawn grid form a set of R3
278

coordinates we denote denoted as P . These edges define potential locations for UAVs. Each element279

UAV mounts one AP. As such, the words UAV and AP may be used interchangeably for the remainder280

of this set defines a potential location for an UAV. work.281

(x1, y1, z1)

(x2, y2, z2)

Figure 3. UAVs placement scenario.

7 The backhaul radio link depends is out of the scope of our this work and the radio power will depend on the used technology,
particular technology used. However, the assumption indicated in Equation (5) is acceptable for the sake of completeness
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In Throughout this paper, we follow use the following definitions and terminology we describe282

below: terminology:283

• UAVs Drones are denoted by the set D = {1, 2, ..., D}. Their location is given by the set X =284

{x1, x2, .., xD|xi 2 P , i 2 D, xi 6= xj|8j 6=i}, where xi 2 P represents the three-dimensional285

coordinates of drone i.286

• Each user in the system is Ground users are denoted by the set U = {1, 2, ..., U}. Their location is287

given by {wk|k 2 U}, where wk 2 R3 represents the coordinates of user k.288

• The subset of users that are (i.e., WiFi clients) associated to the AP installed at drone i 2 D is289

given denoted by C(i) ⇢ U . Consequently, Thus, the number of ground users that are associated290

to the WiFi network (i.e. to any AP) covered is given by C = ÂD
i=1 |C(i)|.291

• R(i) represents the expected speech quality level (from 0 to 100) for users associated to the AP292

mounted installed at UAV drone i 2 D.293

• TFlight(i) is the expected flight duration for the UAV tagged as drone i (i.e. see (7)). Moreover,
T̄Flight represents the ( see (7), UAV endurance). The average flight duration for all deployed
UAVs, which could be calculated as: of the set of UAVs deployed, T̄Flight, is:

T̄Flight =
1
D

·

D

Â
i=1

TFlight(i) (8)

For simplicity’s sake, we consider the sake of simplicity and tractability, the following294

assumptions:295

User positions assumptions are known. considered:296

• Scenario The terrain has known dimensions are bounded and known. There it is a maximum an297

open area.298

• The number of drones available for the initial deployment has an upper bound Dmax.299

• Users Ground users have a smartphone with a compatible VoIP application installed (i.e. using a300

known codec).301

• Channelisation between APs User positions are known. This assumption is done commonly302

found in literature and could be implemented though user’s smartphones GPS or image303

processing.304

• APs’ channelisation is set in such a manner that interferences between adjacent radio channels305

are negligible.306

4.2. Problem definition307

Our goal is deployment problem provides the optimum number and position of UAVs for
VoWiFi service provision to ground users. We aim to minimize the number of UAVs launched
(e.g. rate deployed over time (i.e., rate of drones per hour) required to provide VoIP service to ground
users during the service duration hour of service) while satisfying coverage and QoS constraints.
For example, for a service duration of one hour, a solution with 3 drones that last 30 minutes (6
drones/hour) will be preferred to one that with 2 drones that last 15 minutes (8 drones/hour).
Therefore, we define an our objective function that minimizes the ratio between the number of

there are two verb in this sentence. please correct that, it should be relative clause "That" between
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required UAVs deployed (D) and their average endurance expectations expectation (T̄Flight). Thus, the
optimization problem This can be formulated as follows:

min
X

D2

ÂD
i=1 TFlight(i)

subject to
D

Â
i=1

|C(i)|/U � Cmin

R(i) � Rmin , 8i 2 D

xi 2 P , 8i 2 D

D  Dmax

(9)

where D represents the number of UAVs needed to provide the service, deployed, TFlight(i) accounts308

for drone i expected flight duration, Cmin is stands for the minimum ratio of users that must be covered,309

and Rmin is a constant that defines the minimum acceptable speech quality (e.g. 65 as proposed in310

ITU-T G.107 [46]).311

5. Solving a Pseudo-static Scenario312

The objective function in (9) For small flying spaces, solutions could be evaluated found through313

exhaustive search by assessing the objective function (i.e., see (9)) for every possible combination grid314

edge for an increasing number of UAV positions UAVs, starting with one UAV (D = 1). Then, if If315

no valid solutions are found, the number of drones should be increased to D = 2, evaluating every316

new candidate solution. This procedure should be repeated and so on until a solution is found, or317

a maximum number of UAVs is reached (Dmax). (D = Dmax). Once a solution is found (D = D⇤),318

found, the search method has also to consider launching an extra drone (D = D⇤ + 1) to ensure that319

the objective function value cannot be further reduced (i.e., increasing the number of UAVs could320

result into higher flight duration, which in turn could reduce reducing the UAV turnover rate).321

Although the previous procedure could be executed exhaustively, our previous work322

demonstrated that brute force However, although exhaustive search is feasible in very small areas,323

it is not generally feasible in most real-life scenarios [14]. For example, it would require to evaluate324

ÂD+1
d=1 (|P|/d) possibilities scenarios, for assessing a solution with D drones. Consequently, we propose325

drones would require to solve evaluate ÂD+1
d=1 (|P|/d) possibilities. For this reason, we suggest the326

optimization problem through a use of heuristic search algorithm. algorithms as a general method to327

find solutions to our optimization problem. Although many several other metaheuristic methods are328

applicable, we opt for using Genetic Algorithms to find a sub-optimal solution due to its simplicityThe329

simplicity and proven effectiveness in similar problems [14,41,50], since the contribution of this work330

is not focused on the performance of the metaheuristics method and proven effectiveness in similar331

problems [14,50]. method.332

5.1. Search algorithm: GA333

A genetic algorithm is a heuristic search method inspired by the process of natural selection.334

In GA, a A population of individuals (i.e., candidate solutions, named individuals, solutions to the335

problem at hand) are evolved through evolutionary operators (e.g., crossover, mutation) toward better336

solutions. This evolution typically starts from an initial population of randomly generated individuals,337

which is improved in an iterative process building For every new generations. In each generation,338

each individual in the population is evaluated and scored.339

Each individual presents its own characteristics, named genes. scored according to a fitness340

function and best individuals a passed to the next generation. This process typically starts with a first341

generation of random individuals.342
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In our problem, each individual can be represented as a represents the location of D drones as
X = {x1, x2, .., xD|xi 2 P , i 2 D, xi 6= xj|8j 6=i}, where xi 2 P accounts stands for the 3D location
of UAV drone i. For example, consider a scenario with D = 3 drones; then, any individual could
individuals would be represented by the following sequence of genes:

X |D=3 = {x1, y1, z1| {z }
x1

, x2, y2, z2| {z }
x2

, x3, y3, z3| {z }
x3

} (10)

Algorithm 1 shows the pseudocode for of our GA-based search algorithm, which is a genetic343

algorithm implementation to solve our problem. method. The input of the algorithm is the set of344

ground users (U ) and their location (wk), the set of edges (P), minimum coverage (Cmin) and constraint345

(Cmin), minimum speech quality (Rmin) constraints, constraint (Rmin), and the maximum number of346

available drones (Dmax). Our The algorithm starts looking for by seeking solutions for D = 1 drones347

with one drone (D = 1 ) and then increases the number of UAVs (up to Dmax) until a sub-optimal348

solution is found. found (until an upper bound of Dmax). On each iteration, the genetic algorithm349

(lines from 3 to 18 in Algorithm 1) is executed aims to find the best solution that meets the problem350

constraints. Each Every time that the genetic algorithm is restarted, initiated, an initial population351

of candidate solutions (i.e. individuals) is created as I by the GA_InitialPopulation function. Then,352

every individual in I is evaluated by using the Check function, which function. This function returns353

the objective function value (see Equation 9) including the ratio of coverage and QoS-level. If one354

individual meets the problem constraints and improves the last best found value of the objective355

function value ( f ⇤obj), the individual is recorded as a candidate solution. After the assessment of one356

generation is evaluated, generaion, the next one is created. In the next generation, part of the some357

individuals are a copy of the best individuals from parents (function GA_Elite), some others come from358

are created applying operations of Crossover-and-Mutation (function GA_CM) and Self-Reproduction359

and Mutation (function GA_SRM) to the parents [51,52]. This process is repeated until maximum360

number of generations is reached without finding any improvement (exit criteria).361

The remainder of this section, elaborates on how the assessment of individuals are evaluated (i.e.362

Check function). GA implementation and related functions (GA_InitialPopulation, GA_Elite, GA_CM,363

and GA_SRM) are discussed in Appendix B. Appendix B.364

5.2. Checking the fitness of individuals: Check function365

The pseudocode in Algorithm 2 (Check function) shows how a candidate positioning (i.e. an366

individual) objective of this function is evaluated to determine its coverage, QoS level compute all the367

factors of the objective function of the problem for a candidate solution, i.e., the constraints of coverage368

and endurance capabilities. The speech quality, and the value of the objective function. As shown in369

Algorithm 2, the input of the Check function is the 3D coordinates of D drones (X ) and each user users’370

location {wk | k 2 U}. Each UAV-mounted AP drone in the candidate solution is analysed separately371

analyzed separately, and the evaluation is assessed considering done in three steps by three different372

stages. functions. First, the collection of associated ground users associated to the AP is determined373

through the Associate function. Then, the QoS level of associated users is evaluated with the QoS_eval374

function. Finally, UAV endurance is determined (i.e. Endurance_eval function). Next, we elaborate on375

these functions.376

5.2.1. Signal Coverage Evaluation (Associate)377

The first stage consists of associating (Associate function)378

This function associates each ground user to an UAV-mounted AP. A successful
association requires that the Received Signal Strength Indicator (RSSI) and the
Signal-to-Interference-plus-Noise-Ratio (SINR) are above minimum levels. If multiple access
points were available, each user will associate with the AP which provides the highest strongest RSSI.

there is no Line number between Line 378-379
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Input: P , U , {wk}, Dmax, Cmin, Rmin
Output: L

⇤ (location), f ⇤obj (obj. value)
Initialization : D = 1, finish = False,

L
⇤ = ?, f ⇤obj = Inf

1 while
�
!finish and D  Dmax

�
do

2 finish = True;
/* Build initial population */

3 I = GA_InitialPopulation (U , {wk});
4 while !(exit criteria met) do

/* Evaluate each individual */
5 for individual i = 1 to |I| do

6 X = I(i);
7

h
fobj(i), C, R

i
= Check (D, X , U , {wk});

8 if
�

fobj(i) < f ⇤obj and C � Cmin and R � Rmin
�

then

9 L
⇤ = X ;

10 f ⇤obj = fobj(i);
11 finish = False;
12 end

13 end

/* Build next generation */
14 Ielite = GA_Elite (I); /* Get best individuals */
15 ICM = GA_CM (I); /* Apply Crossover-and-Mutation */
16 ISRM = GA_SRM (I); /* Apply Self-Reproduction & Mutation */
17 I = Ielite [ ICM [ ISRM; /* Update population */
18 end

19 D++;
20 end

Algorithm 1: GA-based search pseudocode

Input: D, X , U , {wk}
Output: fobj, C, R

1 for j = 1 to D do

2 C(j) = Associate (U , {wk}, X );
3 R(j) = QoS_eval (C(j), xj, {wk});
4 TFlight(j) = Endurance_eval (C(j), xj, {wk});
5 end

6 C = ÂD
i=1 |C(i)|;

7 R = min
k=1..D

{R(k)};

8 fobj = D2/ ÂD
i=1 TFlight(i);

Algorithm 2: Check function pseudocode
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Therefore, the The output of the Associate function is the set of users that are associated to drone j, C(j),
so their coverage constraints are satisfied and their RSSI is maximized: C(j):

C(j) = {i 2 U | gik = 1, RSSIij > RSSIik, 8k 6= j} (11)

where gij as a boolean that represents if user i 2 U satisfies minimum thresholds (i.e. both, SINRij �379

SINRmin and RSSIij � RSSImin) when associated to UAV j 2 D. The resultant380

Observe that the user-to-AP association also determines the Modulation and Coding Scheme381

(i.e. MCS(i)) used at the physical layer of each user’s terminal, WiFi station, which depends on both,382

the received RSSI(i) = max
j=1..D

{RSSIij} and the required minimum sensitivity for each MCS. Next, we383

develop how RSSI and SINR are computed for each ground user.384

UAV-to-Ground Channel Model385

Previous Most works [24,34,53] consider that ground users receive three different groups of
signals that could be classified as: (a) Line-of-Sight (LoS), (b) Non-Line-of-Sight (NLoS), and (c) other
reflected components which cause multipath fading. Each group has its own probability of occurrence
depending on the environment, density, height and elevation angle; so their impact to the overall path
loss expression can be averaged. According to [54], the probability of fading is significantly lower than
the probability of receiving LoS (PLoS) and NLoS (PNLoS) components. Therefore, the UAV-to-Ground
path loss can be represented by:

L(d, q) = PLoS(q) LLoS(d) + PNLoS(q) LNLoS(d) (12)

which is dependent of depends on the distance d between the UAV and the ground terminal, and q

that represents the elevation angle (in radians). LLoS and LNLoS represent the average path loss for LoS
and NLoS components, respectively; and can be expressed as [53]:

LLoS(d) = 20 log10

✓
4p fc d

c

◆
+ xLoS (13)

LNLoS(d) = 20 log10

✓
4p fc d

c

◆
+ xNLoS (14)

where the first term account for the free space propagation loss, xLoS and xNLoS represent any additional386

losses due to the environment (a list of values can be found in [24]), and fc is the channel frequency.387

Finally, the probability of receiving each component is given by [55]:

PLoS(q) =
1

1 + ae�bq·180/p+ba
(15)

PNLoS(q) = 1 � PLoS(q) (16)

where a and b are environment dependent constants (e.g. rural, urban, etc.) as defined in [24]388

(e.g., a = b = 0 if no buildings).389

Obtaining RSSI and SINR390

The Received Signal Strength Indicator (RSSI) represent represents the power received at a the
ground terminal. Let us consider a generic user i and an access point the AP installed at drone j. Then,

repeat "The"

there is no Line number between Line 385-386

While Line 300 is right after Line 390 ????
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RSSIij can be deduced calculated by subtracting the UAV-to-Ground path loss to the total transmitted
power:

RSSIij = Ptx + Gij � L
�
kwi � xjk, qij

�
(17)

Gij = 10 log10

⇣
10Gmax/20

· cos2 qij

⌘
(18)

where Ptx (dBm) represents the power delivered by the transmitter antennas; antenna; Gij (dB) stands391

for the gain of the antenna between user i and UAV drone j as indicated in (18) which (which is392

bounded by Gmax; Gmax); L(d, q) represent represents the path loss function we introduced in (12);393

and kwi � xjk is the Euclidean distance between user i and drone j.394

The Signal-to-Interference-plus-Noise-Ratio (SINRij) can be calculated by subtracting every noise
and co-channel interferences to the received signal strength. To do so, let us declare Zj as the collection
of drones that may cause interferences8 to the network deployed by UAV j. Then, the SINR (in dB) can
be expressed as:

SINRij = RSSIij � F � N � Â
k2Zj

(RSSIik) (19)

N = �174 + 10 log10(CBW) (20)

where N is the thermal noise, F accounts for the receiver’s noise figure, and CBW represents the signal395

bandwidth, which depends on the IEEE 802.11 standard version under consideration.396

5.2.2. Quality of Service Evaluation (QoS_eval function)397

After establishing the association between users and APs (i.e. drones), which enables the398

verification of the coverage constraint, the second step consists of assessing the speech quality level399

(and hence, enable the verification of the second constraint in (9)) by computing the R factor (as400

introduced in Section 3). To do so, we evaluate the network performance on each set of users plus its401

corresponding UAV (i.e., C(j) + AP at drone j). This evaluation is based on a model of the IEEE 802.11402

MAC sub-layer and provides delay and packet loss in the WiFi network, which allows one to calculate403

the R factor for each drone.404

After establishing the association between users and APs (i.e. drones), which enables the405

verification of the coverage constraint, the second stage step consists of evaluating assessing the406

QoS constraints we described speech quality level (and hence, enable the verification of the second407

constraint in Section 3 (9)) by estimating computing the R factor. factor (as introduced in Section 3). To408

do so, we model the IEEE 802.11 MAC sub-layer of evaluate the network composed by the performance409

on each set of stations C(j) users plus the its corresponding UAV (i.e., C(j) + AP j (from now, set S),410

which allows to estimate some performance metrics such as at drone j). This evaluation is based on a411

model of the IEEE 802.11 MAC sub-layer and provides delay and packet loss, loss in the WiFi network,412

which are required allows one to calculate the R factor. factor for each drone.413

The IEEE 802.11 MAC sub-layer features a distributed access mechanism called DCF414

(i.e. Distributed Coordination Function), whose performance has been largely studied in literature415

[56–59]. In summary, a nutshell, each contending station must sense senses the medium during a416

period of time (DIFS) before transmitting in order to avoid collisions. If the channel is busy, the station417

waits a random backoff interval before trying again (up to M retries). attemps). The backoff procedure418

is also triggered between two consecutive transmissions. During the backoff process, time is discretized419

(Tslot) and a random number of discretized time slots (Tslot) between 0 and 2iWo is randomly chosen,420

8 Channel planning is out of the scope of this paper

there is no Line number between Line 304-305
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h = (1 � r) +
r2Wo(Wo + 1)

2(1 � (1 � r)Wo )
+

Wo + 1
2(1 � q)

✓
r2qWo

1 � (1 � r)Wo
+ rp(1 � q)� rq(1 � p)2

◆

+
p

2(1 � q)(1 � p)

✓
r2Wo

1 � (1 � r)Wo
+ qr(1 � p)2

◆✓
2Wo

1 � p � p(2p)m�1

1 � 2p
+ 1
◆

(22)

selected, where Wo accounts for the minimum contention window value, and i increases by one in421

with each failed attempt up to a ceiling reaching an upper bound m.422

In this paper we have adapted a mix of analytical some existing models of the DCF behaviour
[60–63] to consider develop an analytical model fit for our context of heterogeneous traffic sources,
non-saturated stations and a non-ideal channel, which are based on Markov chains that represent the
behaviour of the DCF. channel. The key central variable in DCF models is named t, which refers to
stands for the probability that an observed station attempts to transmit during a randomly chosen time
slot. We use the one expression proposed in [60]:

t =
1
h

1
1 � q

✓
r2Wo

(1 � p)(1 � (1 � r)Wo
� qr(1 � p)

◆
(21)

where h is defined in (22) and p is the probability that a packet suffers any transmission errors
(i.e. collisions or noise). Traffic due to collisions and/or noise. The VoIP traffic is modelled9 through
two variables, r and q variables; q, which account for the probability that at least one packet arrives
during an idle state, and the probability that the MAC queue is not empty, respectively.

r = 1 � e�lE[T] (23)

q = 1 � e�lE[T]E[B] (24)

where E[B] is the expected number of back-off slots that a packet waits before transmission and can be
expressed as proposed in [63]:

E[B] =
Wo

2(1 � p)

✓
1 � p � (2p)m

(1 � 2p)
� 2m pM+1

◆
, (25)

and E[T] is the average slot duration, which represents the expected length of any state of the Markov423

chain. It can be calculated by averaging the duration of each type of event with its probability424

(i.e. success, collision, corruption or idle) as proposed in [14,62].425

In order to consider heterogeneous sources, Recall that each station in S presents its the system
composed of drone i + C(i) (from now on termed set S) has it own t expression, so since we consider
heterogeneous sources. So let us tag each station as i 2 {1, . . . , S} and let the superscript (i) relate
each variable to the i-th station. Then, p(i) is the probability that a packet from station i suffers any
transmission error:

p(i) =
⇣

1 � P(i)
i

⌘
[ FER(i) = 1 � P(i)

i + P(i)
i · FER(i) (26)

P(i)
i =

|S|

’
j=1, i 6=j

⇣
1 � t(j)

⌘
(27)

9 We assume Poisson packet arrivals and the small queue assumption as discussed in [59] [59].

there is no Line number between 422-423
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where P(i)
i represents the probability that no more stations are attempting to transmit, and FER(i)

stands for the Frame Error Rate10 (i.e. channel noise), which can be obtained as:

FER(i) = 1 � (1 � P(i)
e )L (28)

where L is the size of the packet (considering preamble, headers and payload), and P(i)
e represents426

the bit error rate of station i, which can calculated by considering the user’s modulation and coding427

scheme (i.e. MCS(i)) as proposed in [64,65].428

Finally, one can solve the non-linear equation system formed by (21) and (26). Since the downlink
performance is the dominant factor in QoS as demonstrated in [7], the packet loss and delay11 from the
access point (tagged as i = AP) will represent the worst case, and those case. For this reason it will be
used to calculate the QoS. QoS for the set S . Then, the packet loss ratio and delay can be expressed as:

PL = 1 �

⇣
1 � FER(AP)

⌘
t(AP) ’|S|

j=1,j 6=AP

⇣
1 � t(j)

⌘

l(AP) E[T]
(29)

DEL = E[B(AP)] · E[T] (30)

Substituting PL and (DEL + 20)12 in the terms Ppl and d from Equation 1 provides the output of429

the QoS_Eval function: the R factor quality level. factor.430

5.2.3. Endurance Evaluation (Endurance_eval function)431

This function estimates the expected UAVs endurance. As introduced in Section 3, the flight432

duration has two main components: the power (in Watts) required to hover the drone (PHover), and433

the power consumption at both radio links (i.e. proportional (i.e. recall from Section 3.2 that it was434

proportional to PWiFi).435

PHover in rotor-based aircrafts can be easily derived from the Momentum Theory ([27]) as:

PHover =
g

3
2

hpsrp
p

2NRrap
m

3
2 (31)

where g accounts for gravity acceleration, m represents the mass of the aircraft, hps is the rotorcraft436

propulsion system efficiency, NR is the number of rotors, rp represents the radius of each rotor and437

finally ra represents the density of air. NR, rp and hps are UAV-specific. While the first two are fixed438

and can easily be obtained from manufacturer manuals, the latest is variable (although a constant439

value is generally adopted) and requires experimental determination or estimation [49].440

10 In the access point case, MCS and FER are dynamically changed according to its communication partner. Our approach is to
average its data bit-rate and FER

11 The small queue assumption allows us to neglect the queuing delay and DEL can be approximated by the channel access
delay

12 Recall that the delay includes the a codec packetization delay of 20ms.
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Regarding PWiFi, the power related to the network interface card PWiFi at the access point point,
the power can be expressed as:

PWiFi =
1

E[T]
·

⇣
Js Pi|{z}

idle interval

+ Jtx,s Ptx,s + Jtx,e Ptx,e + Jtx,c Ptx,c| {z }
transmission interval

+ Jrx,s Prx,s + Jrx,e Prx,e + Jrx,c Prx,c| {z }
reception interval

⌘
(32)

where Js represents the energy spent during an idle interval; Jtx,s, Jtx,e, and Jtx,c represent the average441

energy consumption (in Joules) during a successful, erroneous or collided transmission at the access442

point respectively; and Jrx,s, Jrx,e and Jrx,c represent the expected energy consumption during a443

successful, erroneous or collided reception respectively. The terms Pi, Ptx,s, Ptx,e, Ptx,c, Prx,s, Prx,e444

and Prx,c indicate the probability of such events. A detailed expression of the remainder factors in (32)445

based on the traffic and our model of the mac-sublayer is deduced in Appendix A.446

Finally, PFlight and PWiFi can be substituted into Equation (7) in order to calculate the expected447

flight duration TFlight for of a given drone. particular drone can be calculated by substituting the448

expressions of PFlight and PWiFi in Equation (7).449

5.3. Example solution450

In this paper, section we have implemented offer a first example solution and validate the451

Algorithm 1 models used in Matlab®. Then, we have generated and solved a squared scenario452

(100 m⇥100 m) the previous Section with the network-simulator ns-3. We define an scenario where 40453

ground users are randomly placed users to introduce it as an example. The rest in a square area of454

the used (100 m⇥100 m). The parameters used in the scenario are listed in Table 3. Unless otherwise455

specified, such parameters are common to all experiments in this paper.456

IEEE Standard Scenario Traffic Constraints Energy
Revision 802.11n Users 40 Calls/hour/user 5 RSSImin -82 dBm EBattery 60 Wh
GI 800 ns Size 100 m⇥100 m Call length 180 s SNRmin 20 dB PHover 120 W
Preamble Greenfield X-Y-Z step 1 m VoIP codec G.711 Rmin 65 rtx 16 W
Bandwidth 20 MHz Altitude layers {10, . . . , 40} m On/Off times CBR Cmin 0.9 rrx 9.7 W
Retries 7 Prop. Exponent 3.3 Packet interval 20 ms ridle 9.7 W

Table 3. Example solution input parameters

The solution to the optimization problem has been found by implementing Algorithm 1 in457

Matlab®. A graphical representation of the solution is provided in Figure 4. Notice that different colors458

represent different WiFi associations between users and UAVs.459
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Figure 4. Example solution.
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The resultant scenario (including the UAVs) has been simulated with the ns-3 network simulator.460

In the simulation, no interferences between APs have been considered and transmission buffer sizes461

have been set to one packet to match the small queue assumption we made in 5.2.2. Presented results462

represent the average value from 30 different runs where users have been placed randomly.463

Finally, the464

The results obtained are summarized in Table 4, which shows the most relevant performance465

measurements (location, flight time, quality level and radio power). We have performed 30 runs of466

simulation and results presented represent average values.467

Drone xi |C(i)| TFlight
Algorithm 1 / Simulation

(min) R PRadio
(W)

1 (69, 77, 14) 12 25.61 89 / 88 20.56 / 20.27
2 (83, 22, 30) 11 25.64 90 / 89 20.42 / 20.16
3 (24, 36, 26) 14 25.56 87 / 85 20.86 / 20.53

Table 4. Algorithmic and simulation results

Results in Table 4 indicate that the solution meets both coverage and speech quality constraints,468

and the QoS and energy models used in Algorithm 1 are aligned with simulation results, which469

validates the models proposed in Section 5.2.2.470

6. Solving a Dynamic Scenario471

So far, we have applied the GA-based search algorithm in Section 5 for solving the problem of472

initial deployment of drones to provide service to a set of users who are assumed to be static at known473

positions. However, in some activities (e.g., outdoor concerts) users are free to move within a bounded474

area. Consequently, the problem constraints may not hold after a while due to users’s movement475

unless deployed UAVs are relocated continuously. One approach to do this is to perform periodic476

updates of the user’s positions every T = Tsample seconds, (re)solve the optimization problem and477

update UAVs locations, as illustrated in Figure 5. A central assumption in this approach (and our478

work hypothesis) is that the set of UAVs initially deployed and their position will suffer small changes479

(assuming that the trajectories always minimize UAVs displacement) if the sampling period is short480

enough.481

0

t

T = Tsample 2T 3T 4T

1

1 2 3

2 3

Tsolve

Trelocate

Figure 5. Dynamic scenario

Besides Between two consecutive relocation periods T, one has to consider the relocation delay,482

Tdelay, which represents the time elapsed since a relocation is requested until it finishes (i.e., drones483

updated their location), and includes:484

• The time required to solve the problem, Tsolve, which in turn depends on the performance of the485

algorithm used algorithm. to find the solution to the problem.486
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• The time required to relocate UAVs, Trelocate, which depend on the distance travelled by UAVs487

and their speed. Small UAVs typically travel at speeds below 15 m/s [31].488

Consequently, valid T values are bounded as follows:489

T � Tsolve + Trelocate| {z }
Tdelay

� Tsample (33)

In our previous work [14], we introduced a preliminary study that considered the periodical490

execution of a GA-based search method to consider dynamic scenarios. It was proved that greater491

T values lead to bigger discrepancies between the theoretical and actual position of users, which492

impacts the overall time that constraints are satisfied. Moreover, our previous work considered off-line493

computations (Tsolve = 0), so the requirements in (33) were assumed.494

In this paper, we propose to split the complexity of the dynamic scenario in two different phases495

with unique search methods: (a) initial deployment,496

Under our assumption that AUVs will complete self relocation in a short time due to high speed497

and (b) periodical updates. The short distance, the main goal limiting factor for fast sampling of user498

positions is the time required to solve the problem. For this reason, we want to reduce the execution499

time spent in solving of the problem (Tsolve), further enabling a lower T value. The initial deployment500

can be solved as we already discussed in Section 5. Next, we propose a new heuristic search method501

algorithm for periodical updates periodic relocation.502

According to [66], search algorithms based on a Particle Swarm Optimization (PSO) algorithm.503

According tend to [66], both PSO and be computationally more efficient than algorithms based on GA504

are able due to faster converge; however, although both metaheuristics provide similar effectiveness505

(i.e., solution quality) but PSO is more computationally efficient than GA (i.e., it requires less iterations506

to converge). However, quality), it is also known that PSO is more prone than GA to get stuck on507

local solutions than GA [67]. Assuming that periodical updates are frequent (e.g., T ⇡ 30 s), the508

position of UAVs between two consecutive updates should not vary significantly. Under solutions. For509

this hypothesis, reason, we propose to use a PSO-based search algorithm for periodical updates, but510

keep using the GA-search algorithm we introduced in from Section 5 only for the initial deployment511

deployment, but then use a PSO-based algorithm to avoid getting local solutions. solve the UAVs512

placement for the remainder of the mission. PSO algorithms have been successfully used for the513

problem of optimal 3D placement of UAVs before [44].514

6.1. Periodical search algorithm: PSO515

Particle Swarm Optimization (PSO) is a heuristic search method inspired by social behaviour of516

bird flocking or fish schooling. In PSO, each candidate solution is represented as a particle that moves517

around in the search-space towards better solutions. Initially, a collection of particles with random518

positions in the search-space is created. Each particle is represented by its position (i.e., collection of519

characteristics, similar to GA individuals), individuals in GA), and a velocity. In each iteration, each520

particle updates its position based on its velocity, its best known position, and the global best location.521

Algorithm 3 shows the pseudocode for our PSO-based search algorithm. The input of the522

algorithm is the previous positioning (D and Lold), the set of ground users (U ) and their location523

({wk}), the set of edges (P), coverage (Cmin) and quality (Rmin) constraints, and the maximum number524

of drones (Dmax). The algorithm assumes that the number of deployed drones (D) does not change525

between two consecutive executions, and relocates them. To do so, it initializes the swarm of particles526

(W) with the function PSO_InitSwarm around the previous positioning (Lold). Then, each particle527

is updated through the function PSO_UpdateParticle, which receives as an argument input the best528

known position for that particle. Then, the candidate position (X ) is evaluated through the function529

Check from Section 5. Finally, if the particle improves its result, we store the new position as W(i) and,530

if the best solution is improved, we record it at L⇤, which is the output of the algorithm. This procedure531
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Input: D, Lold (old location), P , U , {wk}, Dmax, Cmin, Rmin
Output: L

⇤ (new location), f ⇤obj (obj. value)
Initialization :L

⇤ = Lold, f ⇤obj = Inf
/* Create the initial swarm */

1 W = PSO_InitSwarm (Lold);
2 B = W ; // Initialize best-known locations
3 F (i) = Inf 8i; // Initialize best-known obj. function values
4 while !(exit criteria met) do

5 for particle i = 1 to |W| do

/* Update the i-th particle */
6 W(i) = PSO_UpdateParticle (W(i));

/* Evaluate the i-th particle */

7

h
fobj, C, R

i
= Check (D, W(i), U , {wk});

/* Record results */
8 if

�
fobj < F (i) and C � Cmin and R � Rmin

�
then

9 B(i) = W(i); // Update best-known particle’s location
10 F (i) = fobj; // Update best-known particle’s obj. function value
11 if fobj < f ⇤obj then

12 L
⇤ = W(i); // Store best-known global position

13 f ⇤obj = fobj;
14 end

15 end

16 end

17 end

Algorithm 3: PSO-based search pseudocode

is repeated until the exit criteria is met. PSO implementation and its functions (PSO_InitSwarm and532

PSO_UpdateParticle) is discussed in Appendix C.533

6.2. Convergence speed534

Our previous work considered that the GA-based search could be executed periodically to update535

drones locations.536

In this paper, section we propose to replace the GA-based search in periodical executions with a537

PSO-based one. Let us compare the the convergence speed of both approaches.538

In this experiment, we place our two heuristics (GA and PSO) to validate the faster convergence539

speed of PSO and justify the goodness of selecting PSO as preferred method for periodical updates.540

We have performed the following experiment. We have placed 100 users on a variable different541

sized scenario areas (from 1000 to 10000 m2), that 10000 m2). Ground users move according to a542

correlated random walk model13. Each ground user moves at a walking speed of 5.3 km/h with a543

probability of 0.8 and in such case, the direction remains unchanged with probability 0.8. Users rotate544

180 degrees when they reach the area bounds. Algorithm 1 is used for the initial deployment and the545

number of drones deployed D remains unchanged for the remainder of the simulation (15 min). To546

achieve this we limit subsequent solutions to the best possible solution found with D drones (even547

though problem constraints were not satisfied). Every 30 seconds (T = 30), we update drones’ location548

by executing one of the resolution methods: (a) GA, or (b) the PSO-based search we introduced in549

this section. Figure 6 illustrates the obtained results (x-axis represents the sparsity of users in m2/U).550

13 The rest of parameters are in Table 3
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With every new solution drones are relocated (considering a speed of 60 Km/h) so that the sum of the551

distances travelled by all drones is the minimum possible.552
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Figure 6. Resolution time (Tsolve)

Obtained results clearly Results prove that using the PSO-based search on periodical updates553

vastly algorithm significantly improves the convergence speed, reporting up to a 80% improvement554

in the resolution time. With the PSO-based search, the resolution time (Tsolve) is never greater takes555

longer than 25 seconds, which validates its use with the observation our preferential sampling time we556

chose (T = 30 s). Results also show that high sparse scenarios with high user sparsity are easier to557

solve and the algorithm requires less time to converge to solutions.558

7. Numerical Results559

In this section we provide a numerical analysis using the proposed search algorithm. Results560

are provided as the average of 30 executions and a 95 confidence interval. On each execution, users561

disposition was randomly generated. We study the results obtained with our optimal placement562

method for two different scenarios according to a potential VoWiFi communication service: services.563

• Individual VoIP channels. Each associated ground user handles an independent bidirectional564

VoIP conversation.565

• Broadcasting channels. Broadcast channel. Every ground user receives a single shared566

unidirectional VoIP flow.567

For each VoWiFi service, we study the results obtained for an increasing number of users confined568

in a small area of 100 m2 as well as in a large area of 10 000 m2. The results provided are the average of569

30 simulation runs and exhibit a 95%confidence interval. On each run, users location was randomly570

generated.571

7.1. Individual VoIP channels572

In this experiment, each user has an individual bidirectional VoIP channel. We vary the number of573

ground users from 10 to 100 over two terrain sizes (100 m2 and 10 000 m2) using the rest of parameters574

we listed in Table 3. Then, we We want to study the evolution of fobj, fobj (i.e., average rate of drone575

per hour of service), the power spent on communications PRadio and the total required power, power576

(i.e. communication and hovering).577

Figure 7a illustrates the drone turnover rate ( fobj) in UAVs/hour. As introduced in Section 4, this578

value is the ratio between the number of drones D and the average flight duration T̄Flight. Results579

suggest that scenarios with large user sparsity (m2/U) tends tend to demand a higher number more of580

drones. For example, from 10 to 50 users, the 10 000 m2 scenario requires a greater number of more581
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Figure 7. Results for both curves. the individual VoIP channels experiment

drones to satisfy the coverage constraint (C � Cmin · U) than that of 100 m2. Results indicate that the582

The average drone flight duration is was around 25 minutes.583

Figure 7b shows the average power expended in communications (i.e. PRadio). In this graph we584

can identify two behaviours:585

• Less For less than 50 users. The users, UAVs in the smaller scenario requires spend more radio586

power than in the larger one. This can be explained as follows: while in the bigger scenario can587

exclude up to (1 � Cmin) · U users can be excluded from coverage by locating drones far away588

from them, the smaller one has not enough terrain for the drones to exclude people (C = U),589

which in turn increases the number of users associated to each drone.590

• More For more than 50 users. When user density is high enough, users, the previous behaviour591

gets inverted, so a greater power is needed in inverted when the largest scenario. user density592

is high enough. This is attributable to a solutions where droned are placed at higher drone593

altitude in the solutions. altitude. In general, drones increase their altitude to cover a larger area594

(i.e. antenna directivity), which in turn reduces the received signal strength and the achievable595

data bit-rate (i.e. a slower MCS is selected), so transmissions last longer. Thus, longer the time596

to complete data transmission times translate is longer which translates into higher energy597

consumption.598

Finally, Figure 7c represents the overall total power used by all UAVs broken down by total599

into mechanical power invested in flight (i.e. PFlight) and the power required for communications600

power (i.e. PRadio). In our experiment, PWiFi represents between the 14% and 16% of the total power601

expenditure, scaling with user density. This ratio is highly dependent on drone characteristics602

(including its radio power consumption) and radio interfaces the power expenditure. consumptions603

of the radio network interfaces. A careful selection of these aspects is a key factor for reducing the604

number of required UAVs per unit hour of time service.605

7.2. Broadcasting Broadcast channels606

Our second experiment considers a single broadcast voice channel instead of individual VoIP607

channels. VoWiFi channel. This is a one-way communication service (i.e. from the access point to608

the VoIP terminals) uses the parameters listed in Table 3 that could be used for announcements to609

ground users. In order to be able to compare both VoWiFi services, we set up the same range of users610

and terrain sizes as in our previous experiment (and continue using the parameters listed in Table 3).611

As a particularity, broadcast channels are transmitted over the lowest available bit-rate modulation612

(i.e. MCS 0 in IEEE 802.11n) to maximize coverage.613

The results in Figure 8a show that the drone turnover rate ( fobj) increases with user sparsity614

(i.e. scenario size) but however, the number of users does not affect negatively in the broadcasting615

experiment since problem constraint related to QoS is no longer an obstacle (i.e. there is only one traffic616

flow from the AP to all its associated users).617

What is unit for X?
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Figure 8 shows the results for fobj, PWiFi and the total power consumption. The average drone618

turnover rate ( fobj) shown in Figure 8a depends on the size of the terrain, but the number of served619

users does not affect negatively since the problem constraint related to QoS is no longer an obstacle620

due to the scarce traffic load (i.e. there is only one traffic flow from the AP to all its associated users).621

In terms of energy consumption, Figure 8b shows that communications power is close to idle622

consumptions (PRadio ⇡ 2 · ridle), which demonstrates that the channel occupation is very low: G.711623

bandwidth requires 64 Kbps (around 80 Kbps at physical layer) and the considered physical data624

bit-rate is 6.5 Mbps. As a result, PRadio represents a 14% of the total required power (see Figure 8c).625

In terms of energy consumption, Figure 8b shows that the power spent in radio communications626

is close to the power consumption of the radio idle state (PRadio ⇡ 2 · ridle). This suggest that the627

channel occupation is very low. Indeed, the codec G.711 requires a throughput of 64 Kbps (around628

80 Kbps at physical layer) and the available data bit-rate is 6.5 Mbps. As a result, PRadio represents a629

14% of the total required power (see Figure 8c).630
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Figure 8. Results for the broadcast VoIP channels experiment

Finally, let us compare the total required power in both experiments (see Figures 7c and 8c).631

Since the VoWiFi broadcast service require less drones, the total power consumption is also improved.632

Energy savings are reduced up to 20% on the largest scenario and up to a 75% on the low-sized one.633

As expected, energy savings increase with user density and thus, QoS-constrained scenarios take634

advantage from replacing individual VoIP channels with a unique broadcast channel.635

7.3. Comparing with other approaches636

As shown in Section 2, there are several research works addressing the optimal 3D deployment of637

UAVs for communications. Unfortunately, comparing our results with these works is very difficult638

due to: (a) the objective function and constraints are different; (b) the radio access network (WLAN639

versus cellular) is also different which affects coverage and QoS. But for the sake of completeness, we640

compare our results with the following approaches:641

• A search method based on K-means clustering that seeks for the minimum number of UAVs that642

satisfies the optimization problem in this paper, i.e. (9). K-means clustering has also been used643

for 3D optimal placement in [42].644

• Our previous work [14] for optimal 3D placement in search and rescue missions. This GA-based645

search algorithm is the only related work that has comparable constraints (i.e., speech quality in646

WiFi) although the objective function is not the same and does not model UAVs endurance (see647

Table 1 for details).648
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For the comparison, we vary the number of ground users from 10 to 100 over a 10 000 m2 terrain,649

using the rest of parameters we listed in Table 314. Then, we analyse the evolution of the drone650

turnover rate ( fobj) and the total power expenditure (i.e., sum of all UAVs in the solution).651
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Figure 9. Comparison against other approaches

Figure 9 illustrates how the UAV turnover rate (left axis) and the total power expenditure (right652

axis) change while the number of ground users increases. As expected, both variables are interrelated,653

and scale up with the number of ground users. Results suggest that our new proposal can reduce both,654

UAVs turnover rate and energy consumption. Compared to the K-means search method, our method655

saves 60% of the energy consumption for U = 10, and 80% for U = 100. Compared to [14], our method656

provides also energy savings, although this is reduced up to 22%. In general, our method also reduces657

the number of UAVs per hour required to complete the mission (e.g., reduced from 9 to 7 in U = 70).658

8. Conclusions and future research659

This paper formulates a new UAV optimal deployment problem to offer VoWiFi services with660

guaranteed QoS. Our goal is to minimize the UAV turnover rate while covering a fixed ratio of users.661

Then, two search methods are provided to solve the problem: (a) a genetic algorithm is proposed for662

the initial deployment, and (b) a particle swarm optimization algorithm is proposed for updating663

UAVs’ location in dynamic scenarios where users’ can freely move.664

This paper formulates a new problem for the optimal 3D placement of UAVs to offer VoWiFi665

services with guaranteed speech quality to ground users confined in a known area. Our objective666

function minimizes the ratio between the number of UAVs initially deployed and their average667

endurance expectation, providing the layout that require less drones per hour of service. Solutions668

are found using two well-known search methods: (a) a genetic algorithm is proposed for the initial669

deployment, and (b) a particle swarm optimization algorithm is proposed for updating UAVs’ location670

in scenarios with users mobility.671

A numerical analysis is provided to compare two different scenarios: using individual VoIP672

channels or a single broadcasting one. Results suggest that the drone turnover rate is related to673

both, users’ sparsity and the number of associated users (when using individual VoIP channels). In674

terms of energy consumption, radio communications represent around 15% of the total power draw,675

14 Some parameters, such as coverage ratio, are not supported by our previous work [14]

what is unit for X?
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which reinforces the idea that energy efficiency is a key factor to consider when deploying UAV-based676

communication infrastructures.677

A numerical analysis compares the results of our optimal placement algorithm for unicast and678

broadcast VoWiFi services. Our results for the unicast service show that the drone turnover rate is679

related to both, users’ sparsity and the number of associated users to each drone. In terms of energy680

consumption, radio communications represent between a small part (between 14% and 16%) of the681

total power consumption depending on the density of users served per drone, and large areas tend to682

locate drones at higher altitudes which increases UAVs mechanical energy consumption. The broadcast683

VoWiFi service generates a very low traffic load which translates into a significant reduction of the684

number of UAVs deployed and total power consumption (between 20% and 75%), and less sensitivity685

to the number of served users.686

The next step in our work is to consider two new aspects in this field: (a) interferences between687

APs, so that overlapping channels could negatively impact on QoS; and (b) using 5G instead of WiFi688

as the enabling technology for the UAV-to-Ground access network.689
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Appendix A Consumption Events on WiFi701

The expected energy consumption per slot can be computed by averaging each consumption702

event with its probability of occurrence as proposed in (32). Each state on the WiFi NIC (transmission,703

reception or idle) presents a different power consumption termed as rtx, rrx and ridle; respectively.704

In addition, some frame exchanges may last longer that others depending on their result (success,705

collision or corruption). Consequently, the following events can be identified:706

The absence of transmission attempts results into an idle channel event, whose consumption (in
Joules) is represented by J(j)

s for the j-th station15 and its probability of occurrence Pi is common to
every station in the network:

Pi =
S

’
j=1

⇣
1 � t(j)

⌘
(A1)

J(j)
s = r

(j)
idle · s (A2)

A successful packet transmission event happens when a single station attempts to transmit while
the rest remain silent. Let us define its consumption by J(j)

tx,s with a probability of P(j)
tx,s:

P(j)
tx,s =

⇣
1 � FER(j)

⌘
· P(j)

s (A3)

J(j)
tx,s = r

(j)
tx · T(j)

tx,data + r
(j)
rx · Tack + r

(j)
idle · (SIFS + 2d + DIFS) (A4)

15 Notice that consumptions may differ between stations and access points
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where P(j)
s represents the probability of success of station j:

P(j)
s = t(j)

|S|

’
i=1, i 6=j

⇣
1 � t(i)

⌘
(A5)

We consider a corrupted transmission event when a transmission does not collide but fails due to
noise influence:

P(j)
tx,e = FER(j)

· P(j)
s (A6)

J(j)
tx,c = r

(j)
tx · Tdata|c + r

(j)
idle · (EIFS + d) (A7)

Analogously, the probability that station j suffers a collision transmission event is given by P(j)
tx,c,

whose consumption is defined by J(j)
tx,c:

P(j)
tx,c = t(j)

·

 
1 �

S

’
i=1, i 6=j

⇣
1 � t(i)

⌘!
(A8)

J(j)
tx,c = r

(j)
tx · Tdata|c + r

(j)
idle · (EIFS + d) (A9)

The reception probabilities can be derived from the aforementioned transmission probabilities.
Notice that stations and access points may behave different. For example, the successful packet
reception event is characterised by consumption J(j)

rx,s with probability P(j)
rx,s:

8
<

:
P(j)

rx,s = ÂS
i=1, i 6=j

⇣
P(i)

tx,s

⌘
, if j = AP

P(j)
rx,s = P(AP)

tx,s · l
(j)
rx /l(AP), if j 6= AP

(A10)

J(j)
rx,s = r

(j)
rx · T(j)

rx,data + r
(j)
tx · Tack

+ r
(j)
idle · (SIFS + 2d + DIFS)

(A11)

In addition, stations may hear frames whose destination are not themselves, we term this event
as overhear:

8
<

:
P(j)

o,s = 0, if j = AP

P(j)
o,s =

⇣
ÂS

i=1, i 6=j P(i)
tx,s

⌘
� P(j)

rx,s, if j 6= AP
(A12)

J(j)
o,s = r

(j)
rx · Tdata|s + r

(j)
rx · Tack

+ r
(j)
idle · (SIFS + 2d + DIFS)

(A13)

Corrupted receptions (to any destination) can be calculated by summing external corruption
transmission events:

P(j)
rx,e =

S

Â
i=1, i 6=j

P(i)
tx,e (A14)

J(j)
rx,c = r

(j)
rx · Tdata|c + r

(j)
idle · (EIFS + d) (A15)
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Finally, the event on hearing collisions (to any destination) can be calculated as follows:

P(j)
rx,c = 1 � Pi � P(j)

tx,c �
S

Â
i=1

P(i)
s (A16)

J(j)
rx,e = r

(j)
rx · Tdata|e + r

(j)
idle · (EIFS + d) (A17)

The previous expressions rely on transmission and reception times, which depend on the data707

bit-rate and the operation mode (individual VoIP channels or broadcast):708

• One individual VoIP bi-directional channel per station:

8
>><

>>:

T(j)
tx,data =

PLCP +
⇣

L(j)
header + L(j)

data

⌘
/R(j)

b , if j 6= AP

T(j)
tx,data = ÂS

i=1, i 6=j

⇣
l(i)

· T(i)
tx,data

⌘
/l(j), if j = AP

(A18)

T(j)
rx,data = T(j)

tx,data (A19)

• One unique broadcast channel:
8
<

:
T(j)

tx,data = 0, if j 6= AP

T(j)
tx,data = PLCP +

⇣
L(j)

header + L(j)
data

⌘
/R(j), if j = AP

(A20)

(
T(j)

rx,data = T(AP)
tx,data, if j 6= AP

T(j)
rx,data = 0, if j = AP

(A21)

where Rb (physical data bit-rate) depends on the MCS and R corresponds to the lowest bit-rate (i.e. at
MCS 0). Finally, the ACK duration is constant and given by:

Tack = PLCP +
Lack

R
(A22)

In the previous equations T(j)
data and T(j)

ack indicate the duration of the reception/transmission of a709

data packet or ACK at station j; Tdata|c and Tdata|e and Tdata|s represent the average duration of the710

transmission of a data packet known that it has collided, suffered error or successfully transmitted711

respectively.712

In the previous equations T(j)
data and T(j)

ack represent the duration of the reception/transmission of a713

data packet or ACK at station j; Tdata|c and Tdata|e and Tdata|s account for the average duration of a714

collided, erroneous or successful transmission, respectively.715

Tdata|s =
1

ÂS
j=1 P(j)

tx,s

·

S

Â
j=1

P(j)
tx,s T(j)

tx,data (A23)

Tdata|e =
1

ÂS
j=1 P(j)

tx,e

·

S

Â
j=1

P(j)
tx,e T(j)

tx,data (A24)

The expression of Tdata|c is more complex as, if a collision between two stations ocurrs, it must
preserve the longest duration collision time (the slowest stations negatively affect to the fastest ones).
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To capture this effect we take the terminology from [62], where d 2 {1, . . . , Nc} represents different
traffic groups ordered from greater to lower occupation times, in the set of stations considered.

Tdata|c =
ÂNc

d=1

⇣
PN (d)

c + PH(d)
c

⌘
T(d)

tx,data

ÂNc
d=1

⇣
PN (d)

c + PH(d)
c

⌘ (A25)

where PN (d)
c and PH(d)

c represent the probability that a station collides with any station from the same716

or higher (faster) class, respectively, and can be calculated as indicated in [14].717

Appendix B Genetic Algorithm Implementation718

We have implemented the Algorithm 1 using the Matlab® R2017A Global Optimization Toolbox.719

As any other Genetic Algorithm, it can be studied as a sequential collection of steps based on GA720

operators. Next, we elaborate on those steps and other basic concepts.721

Appendix B.1 Individuals722

Every candidate positioning that represent a possible solution for the problem is called
an individual. Thus, each individual can be represented as a location of D drones as X =
{x1, x2, .., xD|xi 2 P , i 2 D, xi 6= xj|8j 6=i}, where xi 2 P accounts for the 3D location of UAV i.
For example, consider a scenario with D = 3 drones; then, any individual could be represented by the
following sequence of genes:

X |D=3 = {x1, y1, z1| {z }
x1

, x2, y2, z2| {z }
x2

, x3, y3, z3| {z }
x3

} (A26)

Appendix B.2 Algorithm steps723

The GA implementation considers an evolutionary process where a series of individuals are724

evaluated and replaced (or combined) based on their score (according to the objective function).725

This process is repeated until the algorithm converges to a sub-optimal solution as we illustrated in726

Algorithm 1. Then, each step can be summarized as follows:727

1. Initial population. An initial collection of p individuals is created16.728

2. Evaluation. Each individual from the current generation is evaluated (and scored) based on the729

objective function of the problem (9).730

3. Selection. A collection of parents is selected from the current generation based on their score and731

rank, so best individuals are more prone to be chosen as parents.732

4. Next generation. This step slightly differs from the canonical GA by distinguishing between733

three different sources of individuals. However, convergence is improved according to [51,52].734

• Elite individuals. Best 5% individuals from current generation are preserved to the new735

generation.736

• The remaining population (95%) is created as follows:737

– Self-reproduction and Mutation (GA_SRM). 20% of the remaining population is created738

by directly applying a random mutation with probability pSRM
m over selected parents.739

– Crossover-and-Mutation (GA_CM). The rest (80%) is created by combining the genes740

of two parents (crossover) and applying a mutation to these new individuals with741

probability pCM
m .742

16 The population size p also affects convergence and performance. Experimentally, we found that p = 200 provided results
that could not be improved in the scenarios tested
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5. Exit criteria: in our implementation, the algorithm ends when the score of the best individual743

found could not be improved after Genmax consecutive generations17 by 10�3. Otherwise, the744

algorithm returns to step 2.745

Appendix B.3 Creating the initial population (GA_InitialPopulation)746

The initial population could be generated randomly but if individuals are prone to be fit, the747

performance of the GA is improved [68]. To do so, our starting individuals are created based on the748

k-means clusterization method:749

1. First, we apply a two-dimensional k-means algorithm, as illustrated in Figure A1, to define D750

clusters so that the average distance from each user to its closest centroid is minimized.751

2. Then, we convert the 2D centroids to 3D ones by initializing the height coordinate to the mean752

altitude of the grid. These centroids will represent the first individual.753

3. Finally, the rest of the initial population (p � 1 individuals) is created by randomly placing754

each drone (of each individual) among the spatial regions we created around each centroid. In755

particular, each region is a 3D cube that represents the D-th part of the grid volume.756

y

x

User Centroid 2D Region

Figure A1. 2D regions for initial population creation (D = 3)

The spatial regions are only used when creating the initial population, so genes carried by757

individuals from future generations could be at any edge in P with no restrictions.758

Appendix B.4 Operators759

The following operators have been used:760

• Evaluation and ranking: the quality of the individuals must be evaluated to distinguish between761

good and bad candidates. First, each individual is scored by evaluating the objective function762

in (9), resulting in a raw fitness score. Then, solutions are ranked according to their raw fitness763

score. Those individuals that do not meet the problem constraints are penalized so that they are764

placed at the tail of the ranking according to the ratio of users that meet the constraints. Finally,765

if an individual is in the n position in the ranking, it is assigned a new scored termed expectation766

value of 1/
p

n.767

• Parent selection: parents are selected through a stochastic uniform selection process among768

individuals, according to their expectation value. For example, for p = 200 individuals, 342769

parents (152 ⇥ 2 for CM operations plus 38 for SRM) are selected. By applying the proposed770

selection method, best individuals may be chosen multiple times as parents.771

17 Observe that Genmax has a great impact on performance and convergence. Experimentally, we have found that Genmax = 50
is a good balance between performance and precision
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• Mutation: this operator consists of replacing genes of an individual for random coordinates772

within P with probability pSRM
m = (3 D)�1 or pCM

m = pSRM
m /2 for SRM and CM, respectively.773

• Crossover: this operator randomly combines the genes of two parents to create a new individual.774

Appendix C Particle Swarm Optimization Implementation775

We have implemented the Algorithm 3 using the Matlab® R2020A Global Optimization Toolbox,776

which is described in [69] and uses some of the modifications suggested in [70,71].777

Appendix C.1 Algorithm steps778

The particle swarm algorithm begins by creating an initial population of particles defined by their779

position and velocity (i.e., function PSO_InitSwarm). Then, the algorithm iteratively evaluates and780

modifies each particle in the swarm:781

1. It chooses new velocities, based on the current velocity, particles’ best location and the global782

best location.783

2. It obtains a candidate new position for each particle (i.e., function PSO_UpdateParticle),784

considering the its best known location and its velocity.785

3. It evaluates each particle, and determines the best known function value and its position.786

4. It updates particles’ and global best locations if improved.787

This procedure is repeated until an exit criteria (e.g., the best known objective function does not788

improve after a number of iterations) is satisfied.789

Appendix C.2 Initializing the swarm of particles (PSO_InitSwarm)790

Similar to the GA implementation we described in Appendix B, choosing an initial population791

not fully random but including particles prone to be fit can accelerate convergence, with is one of the792

desired goals when using PSO in our search algorithm.793

Given the fact that consecutive solutions (i.e., UAVs positioning) are likely to be close in the794

search-space, the previous solution is included as the first particle in the initial swarm. The rest of795

particles is randomly generated (e.g., uniform distribution) over the n-dimensional search-space.796

Appendix C.3 Updating particles (PSO_UpdateParticle)797

Let us define pi as the best known position for the i-th particle, and g as the best global known
location. In each iteration, the velocity of a particle with position xi is updated by considering the
previous velocity (vi), the difference between the current position and the best position the particle has
seen (pi � xi), and the difference between the current position and the best position that the algorithm
has seen (g � xi) as:

vi = W vi + y1 u1 (pi � xi) + y2 u2 (g � xi) (A27)

where Wi is the inertia, u1 and u2 are uniformly chosen in the range (0, 1), and y1 and y2 represent798

the self and social adjustment weight, respectively. Initial values are illustrated in Table A1. Inertia is799

updated on each iteration within its bounds depending on the number of consecutive improvements800

over the observed particle (i.e., see Matlab® R2020 online documentation). Finally, the position of the801

particle is updated by xi = xi + vi.802

Parameter Default value Range

u1 and u2 U (0, 1) –
SelfAdjustmentWeight (y1) 1.49 –

SocialAdjustmentWeight (y2) 1.49 –
Inertia (W) 1.1 [0.1, 1.1]

Table A1. PSO default parameters
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