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A B S T R A C T

Future mobile communication networks need Unmanned Aerial Vehicles as Base Stations (UAVasBSs) with the
fast-moving and long-term hovering capabilities to guarantee consistent network performance. UAVasBSs help
5G/B5G mobile communication systems to rapidly recover from emergency situations and handle the instant
traffic of the flash crowd. In this context, multiple UAVs might form a flying ad-hoc network to establish a flying
access network to enhance the network connectivity and service quality. Therefore, it is important to determine
the optimal number and locations of UAVasBSs in a fast and efficient way to cover the target area to provide
temporary yet reliable cellular connectivity. The use of Artificial Intelligence (AI) and network data analysis are
key tools to fulfill the above issues. In this article, we propose a smart UAVasBS placement (SUAP) mechanism
to improve the mobile network operations in flash crowd and emergency situations. We have modeled such
an UAVasBS placement task as an optimization problem to obtain required network connectivity and system
performance, and resolved it with a genetic algorithm using the network context information. Simulation
results show that our proposal could cover 90% of mobile users, and it provides nearly 90% packet delivery
ratio for users with a fast convergence rate.

1. Introduction

Smart cities are changing our society through disruptive technolo-
gies. Their primary goal is to provide a new set of verticals and
personalized applications to increase the quality of life and well-being
of their inhabitants [1]. In this context, future mobile networks play
a crucial role in providing connectivity with Quality of Service (QoS)
support to those applications, and its evolution needs to be continu-
ous [2]. Despite the innovative solutions in upcoming mobile networks,
future applications’ performance can be affected by network congestion
or overloads caused by emergency situations such as flash crowds and
nature disasters [3]. Specifically, flash crowd events could be a social
event, e.g., concerts, sports events, parades, and other gatherings of
people, which suddenly increase the number of connected users [3]. On
the other hand, natural emergency situations, e.g., earthquakes, floods,
etc, or a human-made emergency situation, e.g., terrorist attacks, indus-
trial accidents, transportation failures, and others, could compromise
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correct behaviors of existing mobile communication infrastructures.
Hence, flash crowd and emergency situations stress network resources
beyond the standard-setting. In this way, such situations lead to high
traffic demand resulting from a high concentration of users or a high
number of user connection requests [4].

Existing wireless and mobile networks cannot provide QoS require-
ments during flash crowd and emergency situations in a way that
mobile network operators are willing to support, i.e., with low cost and
efficient real-time service demand fulfillment. For instance, adding new
Base Stations (BS) or small cells may not provide a flexible approach
considering fast deployment, user mobility, QoS requirements, and
monetary cost [5]. In this way, there is a vital need for a robust, fast,
and low-cost communication infrastructure to deal with a large number
of mobile-connected users and high traffic volume. New approaches are
imperative to provide fast communication networks during flash crowd
and emergency situations [6]. In this context, Unmanned Aerial Vehicle
working as an aerial BS (UAVasBS) become a promising approach

https://doi.org/10.1016/j.comcom.2021.09.016
Received 23 January 2021; Received in revised form 23 June 2021; Accepted 18 September 2021
Available online 2 October 2021
0140-3664/© 2021 Elsevier B.V. All rights reserved.

https://doi.org/10.1016/j.comcom.2021.09.016
http://www.elsevier.com/locate/comcom
http://www.elsevier.com/locate/comcom
http://crossmark.crossref.org/dialog/?doi=10.1016/j.comcom.2021.09.016&domain=pdf
mailto:zhaozl@buaa.edu.cn
mailto:pedro.cumino@av.it.pt
mailto:esposito@unisa.it
mailto:xiaomeng@buaa.edu.cn
mailto:denis@ufpa.br
mailto:torsten.braun@inf.unibe.ch
mailto:cerqueira@ufpa.br
mailto:susana@ua.pt
https://doi.org/10.1016/j.comcom.2021.09.016


Z. Zhao, P. Cumino, C. Esposito et al. Computer Communications 181 (2022) 45–57

to provide temporary communication to ground users to recover the
mobile network operations in emergency situations, or to satisfy the
sudden demands (hotspots) caused by flash crowd events [7]. For
instance, there are ongoing standardization activities in 3GPP [8] for
providing enhanced wireless connectivity to personal and commercial
UAVasBS via mobile networks [9].

UAVasBS deployment has several advantages to provide fast connec-
tivity support, such as the ability to facilitate on-demand deployment
without highly constrained and expensive infrastructure (e.g., cables),
high flexibility by dynamically changing their positions to provide
on-demand communications to ground users, and a better chance of
having line-of-sight (LOS) communication links [10,11]. The control
and management of UAVasBS movement and trajectory are essential
for a UAV-assisted mobile network. This is because UAVasBSs need
to be placed appropriately to provide temporary communication to
ground users in a flash crowd and emergency situations to improve the
mobile network operations [12]. Moreover, the correct placement of
a UAVasBS depends on the number of users, application QoS require-
ments, number of available UAVs, and the cellular network state within
the area. Thus, a set of UAVs could be orchestrated to work together
with the available cellular network to improve the connectivity levels,
QoS, and coverage areas for mobile users on the ground. However, it
is important to design an efficient mechanism to deploy UAVasBSs by
considering a lightweight solution and understanding users’ network
conditions, improving the network connectivity and QoS support in
flash crowd events and emergency situations.

In this article, we propose a smart UAVasBS placement mechanism
to improve the mobile network operations in flash crowd and emer-
gency situations, called SUAP. We first model the UAVasBS placement
as an optimization problem to determine the number and location
of the UAVasBSs to obtain required aerial network connectivity and
performance. Afterwards, we introduce the SUAP mechanism, which
considers the position of the ground users, mobile user channel quality,
and the positions of other UAVasBSs as input for a Genetic Algorithm
(GA) to compute the number and location of UAVasBSs to be placed.
Besides, SUAP minimizes the number of required UAVasBSs to provide
connectivity to mobile users. Simulation results showed that SUAP
could provide an average number of connected users (ACU) of 90%,
and it can achieve a Packet Delivery Ratio (PDR) of nearly 90%. The
core contributions of the article are summarized as follows:

• We propose a mechanism to deploy UAVs as aerial base sta-
tions to provide network connectivity, QoS support, and reliable
communication in a flash crowd and emergency situations.

• We introduce a GA-based approach to determine the most suitable
number and location of UAVasBSs without imposing an over-
whelming complexity for the controller with a fast convergence
rate.

• We perform simulation experiments to present the benefit and
impact SUAP in a set of emergency and flash crowd situations.
The results show that SUAP can effectively mitigate the chal-
lenges related to UAVasBS deployments by providing network
connectivity with QoS guarantee and fast convergence.

The article is organized as follows. Section 2 discusses existing
approaches for UAVasBS deployments. Section 3 describes SUAP to
solve the UAVasBS placement. Section 4 details the simulation settings
and evaluation results. Section 5 concludes the article and foresees
future work.

2. Related work

UAVasBSs in public and civilian applications are getting more popu-
lar since UAVasBSs can be quickly deployed to provide on-demand ser-
vices to improve mobile network performance. Several attempts have
been proposed to determine the UAVasBS position and/or trajectories
to meet application requirements. This section describes state-of-the-art

research results on UAVasBS deployment mechanisms, and we discuss
their strengths and weaknesses.

Reina et al. [13] presented UAVasBS deployment divided into initial
and adaptation phases. In the initial phase, a centralized decision-
making process aims to find a suitable position for UAVasBSs with
limited information. In the adaptation phases, a distributed decision-
making is adopted, in which the UAVs exchange information among
them to improve the UAVasBS deployment position. Sharma et al. [14]
introduced a cost-based neural model to assign UAVasBSs to a partic-
ular geographical area subject to high traffic demands. Their results
showed that leveraging multiple UAVasBSs not only provides long-
range connectivity but also better load balancing and traffic offloading.
Wu et al. [15] proposed a cooperative mobile access network architec-
ture to offload their traffic to other UAVasBSs. They formulated the
UAVasBS placement and channel allocation problem in the cooper-
ative UAVasBS assisted mobile access network architecture. Montero
et al. [16] introduced an offloading scheme to guide UAVasBS deploy-
ment through void areas. In this sense, they identify clusters of users
with low Signal to Noise (SNR) values and then deploy an UAVasBS
into the cluster center.

Wu et al. [17] designed a QoS-aware UAVasBS placement and mo-
bile user association strategy to jointly optimize UAVasBS deployment,
user association, and bandwidth allocation such that the number of
the served mobile users can be maximized. Akram [18] presented
a mathematical model and a low complexity heuristic for the joint
optimization of UAVasBS placement and user assignment to maximize
the number of serviced users with a minimum number of UAVasBSs.
Sharafeddine et al. [19] modeled 3D UAVasBS placement as a mixed-
integer linear program (MILP) problem and proposed an unsupervised
learning technique that relies on the notion of electrostatics with re-
pulsion and attraction forces. Some works [20,21] introduced a proper
deployment of UAVasBSs to extend the wireless coverage in rural areas,
emerging countries, or places where BS density is not sufficient to
cover the mobile user demands. Hayajneh et al. [22] introduced the
use of UAVasBSs for network recovery and the design of public safety
networks. Lyu et al. [23] introduced a hybrid network architecture that
leverages the use of UAVasBSs, flying cyclically along the edge of the
cell to offload data traffic at the edge of a BS. This approach paves
the way to maximizing the minimum throughput experienced by all
mobile devices by jointly optimizing UAVasBS trajectory, bandwidth
allocation, and user partitioning. The work presented in Mirzaeinia
et al. [24] described the application of K-means clustering to properly
assign users to the UAVasBS. Also in Iellamo et al. [25], clustering
techniques are used to optimally place UAVasBS to complement the
capacity of an existing network.

Na and Yoo [26] presented a Particle Swarm Optimization (PSO)
approach to improve the network throughput while reducing the power
consumption through an efficient network topology. This work maxi-
mizes throughput by modeling each UAVasBS as an individual particle
and adjusting UAVs’ movement according to their utilities. Kalantari
et al. [27] studied efficient deployment of UAVasBS to maximize the
coverage performance, determining the minimum number of UAVasBS
needed for serving all the ground users within a given area. This work
also considers a PSO algorithm, which evaluates the altitude, location,
and trajectory of the UAVasBS-cells and user communication coverage
performance.

Existing works [28–30] applied the typical GA steps by properly rep-
resenting UAVasBS placement and movement planning by using chro-
mosomes. They also adapt fitness functions to represent the achievable
wireless coverage, perceived latency/throughput, or other measures
of communication QoS. However, they do not consider the possible
integration of UAVasBS with existing cellular networks or their possible
failures tolerated by exploiting the UAVs. Rodríguez-Cortés et al. [31]
and Peng et al. [32] considered the problem of maximizing UAVasBS
coverage, minimize the data volumes that each community of UAVas-
BSs carries out, or optimize the communication probability among two
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users within a damaged area. Also, Reina et al. [33] designed a GA that
solves the network coverage problem by deploying a set of UAVasBS
as a wireless network. Coverage, fault-tolerance, and redundancy are
considered by the fitness functions to find the optimal deployment
positions based on a theoretical unit disk model under the known
node locations. The work in Fotouhi et al. [34], further improved in
Fotouhi et al. [35], proposed the use of game theory for a decentralized
optimization of drones movements so as to serve as UAVasBS a set of
users within an area of interest and improve spectral efficiency.

Based on our analysis of the state-of-the-art summarized in Table 1,
UAVasBS deployment typically improves QoS in normal conditions
or to support emergency communications. The current literature has
scarcely investigated the problem of their deployment to support net-
work recovery after a disaster. However, flash crowd and emergency
situations can be characterized by a substantial increase in the number
of mobile user connectivity and traffic demand. Such situations stress
network resources beyond the standard-setting by exceeding the ca-
pacity of the base stations and access failure, leading to performance
degradation [4,6]. In addition, the acquisition and evaluation of net-
work metrics are crucial to understand users’ network conditions to
provide a suitable solution. In this sense, during the decision-making
process, evaluating the number of users to be attended, their loca-
tion and distribution are important metrics to define the required
number of UAVasBSs to be deployed, the location of the UAVasBS,
and the network coverage. Once a suitable number and locations are
defined, it is possible to improve service provisioning quality and
longer lifetime. Channel modeling is also important once the users’
mobility, the UAVasBSs’ flying pattern, and the environment indeed
interfere in how effective the messages are being carried from the
sender to the receiver, which can lead to QoS variation during the ser-
vice provisioning. Hence, we conclude that designing a more efficient
solution to deploy UAVasBSs by considering a lightweight solution
and understanding users’ network conditions is essential to provide
network connectivity and QoS support to improve network operations
in flash crowd events and emergency situations. The efficiency comes
during UAVasBS deployment by reducing the decision-making latency
and collecting mobile user and local environment data for enriching
network analytic and automation. To the best of our knowledge, as
shown in our analysis presented in Table 1, none of the previous
work integrated a lightweight solution that analyzes users’ network
conditions to define the number and optimized locations of UAVasBSs,
while only SUAP combines every critical feature previously mentioned
not provided by existing UAVasBS deployment mechanisms.

3. Smart UAVasBS placement mechanism to improve the mobile
network operations in flash crowd and emergency situations

This section introduces the SUAP mechanism to determine the
most suitable number and location of UAVasBSs, improving the mobile
network operations during flash crowd and emergency situations. We
model UAVasBS placement as an optimization problem based on the
network statistics of BS and mobile user requirements. In this way,
it is possible to determine the most suitable number and location of
UAVasBSs to provide network connectivity and QoS support. More
details are provided in the next subsections.

3.1. Network model and architecture

Flash crowd events and emergency events stress network resources
beyond the standard-setting since such events lead to high traffic
demand resulting from a high concentration of users per unit area or
a large number of user connection requests [4]. Specifically, natural
or human-made disasters, e.g., earthquakes, floods, or human-made
disasters, e.g., terrorist attacks, industrial accidents, transportation fail-
ures, etc., could compromise correct BS behaviors caused by damaging

antennas and other equipment or even disrupt energy supply. In ad-
dition, a social event may incur gathering of people, e.g., concerts,
sports events, parade and gathering in 5G networks, which suddenly
increase the number of connected users [3]. In this scenario, UAVasBSs
could fly to specific locations to provide connectivity and QoS to mobile
users on the ground. Fig. 1 depicts a set of UAVasBSs deployed to
provide temporal mobile access as soon as the standard communication
infrastructures are unavailable.

We consider a scenario composed of a set of mobile users 𝑈 =
{𝑢1, 𝑢2,… , 𝑢𝑜} with an individual identity (𝑘 ∈ [1, 𝑜]), and a set of cells
𝐵 = {𝑏1, 𝑏2,… , 𝑏𝑚} with an individual identity (𝑗 ∈ [1, 𝑚]) deployed in
fixed known locations (𝑥𝑗 , 𝑦𝑗). We consider a core network with high
capacity fibers connected to avoid congestion on backhaul links [36].
A set of UAVasBSs 𝑉 = {𝑣1, 𝑣2,… , 𝑣𝑛} with an individual identity (𝑖
∈ [1, 𝑛]) could be deployed to offload cellular traffic from a existing
mobile network infrastructure based on a UAVasBS placement mecha-
nism, such as SUAP. Each UAVasBS 𝑣𝑖 and mobile user 𝑢𝑘 are aware
of their location within the space of interest at a given timestamp 𝑡
employing a positioning system, e.g., GPS or Galileo. For instance, the
location of each UAVasBS 𝑣𝑖, 𝐿𝑖,𝑡 is defined as a 4-tuple of geographical
coordinates(𝑥𝑖, 𝑦𝑖, 𝑧𝑖, 𝑡) in a 3D space, i.e., Cartesian coordinates, and
altitude over the ground since UAVasBSs fly in a 3D space.

Each UAVasBS (𝑣𝑖) flies with a given speed 𝑠𝑖 ranging between a
minimum (e.g., 𝑠𝑚𝑖𝑛) and a maximum (e.g., 𝑠𝑚𝑎𝑥) speed limit towards
a given trajectory (𝑡𝑟𝑎𝑗𝑖). The trajectory 𝑡𝑟𝑎𝑗𝑖 is defined as an ordered
sequence of locations that a given UAVasBS 𝑣𝑖 flies between two pairs
of location, which is denoted as 𝑡𝑟𝑎𝑗𝑖 = {𝐿𝑖,0, 𝐿𝑖,1,… , 𝐿𝑖,𝑡 }, indicating
that a given UAVasBS 𝑣𝑖 arrives at location 𝐿𝑖,𝑡 at timestamp 𝑡. Finally,
each UAVasBS 𝑣𝑖 has a battery with initial energy (𝐸𝑣𝑖 (0)), and it
spends energy to transmit a packet, to receive a packet, and to fly with
a given speed 𝑠𝑖, as introduced by Cumino et al. [37]. It should be
highlighted that UAVasBS movements require much more energy than
for packet transmissions. Finally, each UAVasBS 𝑣𝑖 is able to compute
the remaining energy at a given timestamp 𝑡 as the ratio between the
initial energy 𝐸𝑣𝑖 (0) over the current energy level 𝐸𝑣𝑖 (𝑡).

We considered an SDN architecture applied to UAVNet (SD-
UAVNet), such as introduced by Zhao et al. [38]. SD-UAVNet provides
flexibility to network management by separating the network infras-
tructure into distinct planes, where each plane can be programmed to
meet particular application requirements. Specifically, SD-UAVNet is
divided into three planes, namely, application, control, and forwarding
planes. The application plane supports different applications, while the
forwarding plane is composed of (re)configurable nodes connected to a
centralized controller. Finally, the control plane relies on a centralized
controller node (𝐶𝑁) responsible for all control functions to manage
the mission-specific decisions based on global network context infor-
mation. For instance, 𝐶𝑁 is responsible for dynamically determine the
most suitable number and locations of UAVasBSs to obtain suitable
network connectivity and performance, which can be performed by
SUAP. 𝐶𝑁 can be deployed in a ground station or the air, and it
is aware of the global network conditions to optimize the network
operations.

3.2. Problem formulation

The optimal UAVasBSs placement consists of determining the num-
ber and locations of UAVasBSs to be deployed over the area of interest
to guarantee good network connectivity and QoS support in flash crowd
events and emergency events. The UAVasBS location depends on the
number of users, application QoS requirements, number of available
UAVs, and the cellular network state within the area. In this sense, a
3D position 𝐿𝑖,𝑡 must be calculated for each UAVasBS 𝑣𝑖 such that most
mobile users 𝑈 could obtain a desired level of QoS. For instance, QoS
can be represented by multiple properties, such as latency, jitters, or
success rate. Hence, our objective is to provide an optimal UAVasBS
placement solution such that the mobile user 𝑢𝑘 is connected to a
UAV-assisted mobile network with high packet transmission rates.
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Table 1
Summary of analyzed UAVasBS placement mechanisms to Improve the Mobile Network Operations.

Ref. Used approach Drawback

[13] Evolutionary deployment divided into centralized and distributed
adaptation phase.

Optimization of the area coverage in disaster scenarios without considering
networking needs.

[14] A cost-based neural model is used to find where UAVs can be
placed to cope with high traffic demands in macro cellular
networks.

The model is not applied in case of network recovery after disasters, but only
consists in detecting areas with higher demands within which placing a drone.

[15,17] It optimizes multiple UAVasBS placement and channel allocation for
increased data rate by using a heuristic algorithm.

The approach does not consider BS failure due to a disaster, but only aims at
supporting user traffic with UAVasBS added to the existing cellular network.

[16] The solution groups unserved users in clusters where to place
UAVasBS to increase network coverage and QoS.

UAVasBS deployment is not considered for network recovery after a disaster.

[18] It optimizes user connectivity with the minimum deployed drones
with a low complexity heuristic.

UAVasBS deployment is not considered for network recovery after a disaster.

[19] UAVasBS deployment is made as a mixed integer linear program to
optimize traffic offloading and network recovery.

This work copes with network recovery, and uses a greedy approach which does not
guarantee optimal solutions.

[20] An optimal placement of UAVasBSs is found to cover the maximum
number of users with the lowest transmit power.

UAVasBS deployment is not considered for network recovery after a disaster.

[21] The optimal user partitions with which associating UAVasBS is
approached with optimal transport theory.

UAVasBS deployment is not considered for network recovery after a disaster.

[22] The clustered deployment of UAVasBS around a destroyed BS is
resolved with stochastic geometry.

Basically, user coverage is considered, neglecting network QoS, and BS failure
dynamics due to disasters are not considered.

[23] UAVasBS deployment is studied for traffic offloading. Network recovery after a disaster is not considered in the problem formulation.

[24,25] Clustering techniques are used to optimally place UAVasBS to
complement the capacity of an existing network.

UAVasBS deployment is not considered for network recovery after a disaster.

[26] PSO is exploited for UAV deployment to optimize sensing
capabilities.

Networking demands after a disaster are not considered.

[27] UAVasBS deployment is optimized with a heuristic algorithm so as
to serve all the users not uniformly distributed in an area.

UAVasBS deployment is not considered for network recovery after a disaster.

[28–30,33] GA is used to maximize wireless coverage by placing UAVasBS. UAVasBS deployment is not considered for network recovery after a disaster.

[31,32] UAV are used to provide emergency communications after a
disaster.

The works do not consider the use of UAVs as BS and their exploitation to restore
network QoS in case of failed BS.

[35] Game theory is used to decentralize UAV control and optimize their
placement to serve as UAVasBS.

UAVasBS deployment is not considered for network recovery after a disaster.

Fig. 1. UAVasBS deployed in flash crowd and emergency situations to provide temporary mobile network access.

A given mobile user 𝑢𝑘 experiences a nominal non-zero loss rate. In
this sense, the packet loss rate can achieve a value ranging from 0 (i.e.,
all sent messages are delivered to their intended destinations, which is a
sporadic case in wireless networks) to 1 (i.e., none of the sent messages
can reach their destinations, due to congestion phenomena or hardware
damages in a given BS 𝑏𝑗). We denote 𝛬𝑘,𝑗 as the nominal packet loss
rate of the 𝑘th mobile user connected to the 𝑗th BS 𝐷, and 𝛥𝑗 as the
additional path loss caused by a faulty behavior of a BS 𝑏𝑗 . This faulty
behavior is modeled as a random value within a certain interval (e.g.,
from 0 to 0.5). The upper bound has to be lower than 1, as soon as
the BS is completely unavailable. Hence, we compute the experienced
packet loss rate of a given BS 𝛬𝐷

𝑘,𝑗 based on Eq. (1).

𝛬𝐷
𝑘,𝑗 =

{

𝛬𝑘,𝑗 + 𝛥𝑗 if BS 𝑏𝑗 is reachable but has issues
1 if BS 𝑏𝑗 is no more reachable (1)

The damage of a given BS 𝑏𝑗 can be modeled using a Poisson point
process with a thinning operation [22]. In this sense, the BS 𝑏𝑗 is tagged
as damaged with a given probability 𝜋𝐷, which is greater than a pre-
defined threshold 𝜏 and depends on the number of damaged BS to
be introduced in the experiments. The additional path loss due to a
faulty behavior is denoted as 𝛥𝑗 Therefore, we model the packet loss
rate 𝛬𝐷

𝑘,𝑗 (𝜋𝐷) of a faulty BS by restructuring Eq. (1) to include such
probabilities, as shown in Eq. (2).

𝛬𝐷
𝑘,𝑗 (𝜋𝐷) =

{

𝛬𝑘,𝑗 + (0.5 ⋅ 𝜋𝐹 ) 𝜋𝐷 ≤ 𝜏
1 𝜋𝐷 > 𝜏

(2)

The signals emitted by the UAVasBS 𝑣𝑖 or the mobile user 𝑢𝑘 can
be reached along the LoS path with probability 𝑃𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘) and/or the
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non line-of-sight (NLoS) path with probability (1-𝑃𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘)), as a con-
sequence of refraction or reflection phenomena. In this sense, the signal
path loss 𝛬𝑣𝑖|𝑢𝑘 of a given mobile user 𝑢𝑘 to the reachable UAVasBS 𝑣𝑖
(from which the packet loss rate can be inferred) is modeled by using
two contributions, one along the LoS path namely 𝐿𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘), and one
along the NLoS path 𝐿𝑁𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘), as shown in Eq. (3).

𝛬𝑣𝑖|𝑢𝑘 = 𝑃𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘) ⋅ 𝐿𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘) + (1 − 𝑃𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘)) ⋅ 𝐿𝑁𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘) (3)

The probability that a connection among UAVasBS 𝑣𝑖 and mobile
user 𝑢𝑘 is established along the LoS path (𝑃𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘)) is formulated
based on Alzenad et al. [20], as shown in Eq. (4). We denote 𝑎 and 𝑏 as
two constant variables indicating the Radio Frequency (RF) pollution
and obstacles in the environment, respectively, where we consider
these values from Al-Hourani et al. [39]. We denote 𝑣𝑖(3) as third
component of UAVasBS position (i.e., its altitude), and 𝑑(𝑣𝑖, 𝑢𝑘) as the
Euclidean distance between UAVasBS 𝑣𝑖 and mobile user 𝑢𝑘.

𝑃𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘) =
1

1 + 𝑎 ⋅ 𝑒𝑥𝑝(−𝑏( 180𝜋 𝑡𝑎𝑛−1( 𝑣𝑖(3)
𝑑(𝑣𝑖 ,𝑢𝑘)

) − 𝑎))
(4)

We define the loss rate along the LoS or NLoS path (𝐿𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘)
and 𝐿𝑁𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘), respectively), as shown in Eq. (5), based on Alzenad
et al. [20]. It is computed based on Euclidean distance 𝑑(𝑣𝑖, 𝑢𝑘) between
UAVasBS 𝑣𝑖 and mobile user 𝑢𝑘, carrier frequency 𝑓𝑐 , the speed of light
𝑐 in a vacuum, as well as two textcolorblueconstants related to loss
rates for LoS and NLoS conditions, i.e., 𝜂𝐿𝑜𝑆 and 𝜂𝐿𝑜𝑆 , respectively. We
consider the values of these constants based on Al-Hourani et al. [39].
It is not possible to precisely estimate the path loss in NLoS conditions
as computing the possible obstacles beforehand is not possible. For this
reason, we preferred to have a random model represented in Eq. (5),
by using a variation of the classic Friis transmission equation used in
telecommunications engineering.

𝐿𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘) = 20𝑙𝑜𝑔( 4𝜋𝑓𝑐𝑑(𝑣𝑖 ,𝑢𝑘)𝑐 ) + 𝜂𝐿𝑜𝑆
𝐿𝑁𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘) = 20𝑙𝑜𝑔( 4𝜋𝑓𝑐𝑑(𝑣𝑖 ,𝑢𝑘)𝑐 ) + 𝜂𝑁𝐿𝑜𝑆

(5)

Afterwards, we need to convert the path loss rate from decibel to
percentage, as shown in Eq. (6)

𝐿𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘) = 10(
𝐿𝐿𝑜𝑆 (𝑣𝑖 ,𝑢𝑘 )

20 ) ⋅ 100

𝐿𝑁𝐿𝑜𝑆 (𝑣𝑖, 𝑢𝑘) = 10(
𝐿𝑁𝐿𝑜𝑆 (𝑣𝑖 ,𝑢𝑘 )

20 ) ⋅ 100
(6)

The 𝑘th mobile device could select to be connected to BS 𝑏𝑗 or
UAVasBS 𝑣𝑖 according to the computed path loss rates with one of
them. In this way, the mobile user 𝑢𝑘 chooses the lowest path loss rates
between the loss ratio of BS 𝑏𝑗 𝛬𝐷

𝑗,𝑘 and a UAVasBS 𝑣𝑖 𝛬𝑣𝑖|𝑢𝑘 .

𝛬𝑘 = 𝑚𝑖𝑛(
⋃

𝑏∈𝐵
𝛬𝐷
𝑗,𝑘,

⋃

𝑣∈V
𝛬𝑣𝑖|𝑢𝑘 ) (7)

Therefore, the overall UAVasBS placement problem can be deter-
mined as the minimization of the path loss rates for all relevant mobile
user 𝑢𝑘 by selecting the most useful vectors 𝛬𝑘, and the number of
deployed UAVasBS over the available ones. These can be expressed
as the number of non zero locations in the 𝛬𝑘 vector computed by a
counting function named as 𝑐(), under the constraints that each path
loss will be below a given threshold 𝛬 and only one UAVasBS can be
placed in a given position, as shown in Eq. (8). Hence, the objective is
to minimize the set of path losses and the number of UAVasBSs, whose
maximum number is defined beforehand as n, where only one UAVasBS
can be deployed in a given location.

min
�̄�

⋃

𝑘∈K
𝛬𝑘, 𝑐(�̄�) (8)

s.t.

𝛬𝑘 ≥ 𝛬 ∀𝑘 ∈ K (9)

𝑐(�̄�) ≤ 𝑛 (10)

3.3. UAVasBS deployment: A GA solution

We assume fixed altitude for each UAVasBS 𝑣𝑖, and thus the position
to be selected is only the Cartesian 2D coordinates of each UAVasBS
location 𝐿𝑖, 𝑡. This issue reduces the complexity of the deployment task
running at the controller 𝐶𝑁 , which has limited battery and computing
resources. The UAVasBS deployment problem can be solved by a GA ap-
proach [40], which searches for optimal solutions by simulating natural
evolutionary processes, such as mutation, crossover, and selection [41].
GA has the advantages to be simple, converging rapidly, and providing
a solution with good quality, which fits well to run on a controller 𝐶𝑁
with limited resources. In a GA, each candidate solution (i.e., number of
UAVasBSs and their locations) has a set of properties (its chromosomes)
that can be mutated and altered to obtain new solutions.

In each mutation, the chromosomes are evaluated based on an
objective function to find the optimal solutions. A chromosome is
characterized by two parts, namely, Binary code and Permutation, as
depicted in Fig. 2(a). As we have two sets of decision variables within
the optimization (i.e., the number of UAVasBSs and their solution
within an area of interest), the proposed GA has chromosomes with
a binary part (representing the number of UAVasBSs to be deployed)
and the permutation part (representing the UAVasBSs locations). For
instance, a binary number of 2 means that only the first two identifiers
in the permutation part are assumed as the locations of the two UAVas-
BSs to be placed, as shown in Fig. 2(a). The fitness of chromosomes is
computed by considering both parts to return solutions optimizing the
defined objective function defined over these decision variables.

Fig. 2(b) depicts the schematic execution of GA to define the number
and location of UAVasBS, which is composed of 5 steps:

• Step 1: Initial population of chromosomes;
• Step 2: Wireless coverage and radio map estimation;
• Step 3: Ranked population of chromosomes;
• Step 4: Checking the termination condition;
• Step 5: New population of chromosomes;

GA starts by selecting a random set of admissible chromosomes,
indicated as Step 1, where the chromosomes’ binary and permutation
parts are randomly determined. Later on, in Step 2, each chromo-
some’s fitness value is determined by using the previous equations. It
is possible that certain chromosomes are not admissible. In this case,
there are two possible ways to handle inadmissible chromosomes [42]:
these chromosomes have associated the worst possible fitness value
so as to be excluded from the selection process (i.e., +∞ in case
of a minimization problem or −∞ for a maximization one), or a
chromosome repairing operator can be defined to increase the number
of admissible UAVasBS placements in each population by converting
inadmissible chromosomes to admissible ones. We have decided to
use the first approach as it is simpler to be implemented. Within the
context of our problem formalized in Eq. (8), the admissibility of a
chromosome depends on the case if the sum of the binary part of all
the chromosomes does not have to exceed the maximum number of
UAVasBSs defined a textcolorbluepriori, denoted as 𝑛, so as to cope
with the constraints in Eq. (10). Therefore, chromosomes whose binary
part exceed 𝑛 have assigned +∞ as fitness. Such value is also assigned
to those chromosomes whose permutation parts share even a single
number in their first positions. Specifically, if within the population
there is a couple of chromosomes matching such last rule, the one with
higher value in the binary part gets +∞ as fitness, while the other
one undergoes the assessment of its fitness. This is needed to have
diverse placements under consideration within the same population
and prevent premature convergence [43,44].

The fitness value represents the degree of goodness of the given
solution in exhibiting the optimal value for the objectives to be min-
imized expressed in Eq. (8), and comparing the fitness of two solutions
indicates the dominance of a solution concerning another one as stated
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Fig. 2. (a) Placement representation in a chromosome, and (b) GA schematic execution flow.

in the literature. We define the fitness value as a tuple, where the
first part is the computed averaged path loss 𝛬𝑣𝑖|𝑢𝑘 based on Eq. (3)
and using the permutation part of the chromosome, and the second
part is the number of UAVasBSs within the solution represented by the
binary part of the chromosome. After assigning a fitness value for all
chromosomes, at step 3, it is possible to find those with the best value
or dominate all the other ones, i.e., the lowest value of average path
loss and number of UAVasBS.

If a given termination condition is not met, whose verification is
conducted in Step 4, the sets of chromosomes, or population, are used
to obtain new solutions (Step 5). This is achieved by applying the
mating processes (i.e., a percentage of current solutions are mated by
obtaining two new chromosomes by recombining two of the existing
ones) and the mutation process (i.e., a new chromosome is made by
arbitrarily changing one value in one of a subset from the existing one)
according to the following operators:

• One-point crossover for the binary part: A single crossover point,
namely 𝜋, is selected. All binary digits beyond that point in both
chromosomes are swapped between the two parent chromosomes;

• OX cross-over for the permutation part: Two cross-over points,
namely 𝜋1 and 𝜋2, are randomly selected. Everything between
the two points is swapped between the parent chromosomes,
rendering two-child chromosomes;

• Bit-flip for the binary part: a point of mutation, namely 𝜇, is
randomly selected, and the binary digit in that place is changed
to the opposite value, according to a given probability;

• Reciprocal exchange for the permutation part: two points of mu-
tation, namely 𝜇1 and 𝜇2, are randomly selected. The order of
everything between the two points is inverted, according to a
given probability.

GA iterates until a termination condition is reached, such as the
maximum number of iterations or the number of updates to the non-
dominated archive (Step 4). The non-dominated chromosomes’ archive
content is assumed as the solutions found for the given problem, and
one of them is assumed as the UAVasBS deployment. The GA runs on
the 𝐶𝑁 using the network context and application requirements to keep
calculating the optimized locations of UAVasBSs.

The analytical study of the convergence probability and speed for
a GA has been widely studied within the current literature, as de-
scribed in Gutjahr [45]. Our proposed optimization approach exploits
time-invariant mating, crossover, and selection operators, which is
known to converge if it devises an elitist strategy by always keeping
the solution with the highest fitness value. Our algorithm visits the
globally optimal set within a finite number of iterations by start-
ing from any initial population. In our approach, archiving the best
solutions found at each iteration and removing those dominated by
the novel inserted solutions allows achieving such an elitist strategy.
Moreover, applying the operators on the worst solutions allows the
novel population to have the global optimal set elements. The use of
two different crossover/mutation operators for the two parts of the
chromosome guarantees diversity within the population, as mating
among individuals in a homogeneous population may imply the genetic
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Table 2
Main simulation parameters.

Parameters Value

Simulation duration 100 s
Simulation area 200 m × 200 m
Number of UEs 55
Number of UAVs [5. . . 16]
Number of BS 4
Mobile user speed [1. . . 2] m/s
UAVasBS speed [1. . . 5] m/s
Base station failure time 10 s
Coverage ranges of BS, UAVasBS 55 m, 20 m

algorithm to be trapped in a local minimum [46,47]. The effective
convergence of the approach depends on the tuning of the parameters,
i.e., crossover/mutation probabilities, and termination criterion. Sev-
eral runs with varying values for such parameters have been done to
look for the most suitable choice.

4. Evaluation

This section introduces the simulation evaluation of UAVasBS de-
ployment in a flash crowd and emergency situations, including the
methodology, scenarios, metrics, and obtained results. We compare the
performance of SUAP with existing UAVasBS deployment approaches.
Our analysis explores the average number of connected users, packet
delivery ratio, delay, remaining energy, and GA cost evolution.

4.1. Simulation description

We implemented a UAV-assisted mobile network by using an OM-
NeT++ framework [48] in a simulation scenario composed of 4 BSs and
55 mobile users over an area of 200 m × 200 m with a simulation time
of 100 s (s). Each mobile user moves following the Random Waypoint
mobility model with speed ranging from 1 to 2 m/s and considering
pause time since this mobility model enables mobile users to stay
in a location for a while. We generated the mobility model by the
BonnMotion mobility generator [49]. We assume that only one BS is
completely damaged at each time following a Poisson point process at
a simulation time of 10 s, and such BS is unfeasible to provide services
to mobile users within its coverage. We consider a scenario with 5
to 16 available UAVasBS to evaluate the impact of different numbers
of UAVasBS on the performance of mobile network operations. The
deployed UAVasBSs fly following a pre-programmed flight plan defined
by the controller node 𝐶𝑁 with speeds ranging from 1 to 5 m/s.

We consider WiFi for the communication between UAVasBS and
mobile users with Lognormal shadowing path loss model, also known
as Log-Distant Path Loss Model [50]. We set the simulation parameters
from the literature to allow wireless channel temporal variations, link
asymmetry, and irregular radio ranges, as expected in a real scenario.
We consider a video streaming application, where mobile users down-
load a video with moderate complexity (the Highway video sequence)
levels in terms of motion and spatial complexity, which is available in
a well-known video-trace repository.2 The video has a duration of 66 s,
and it is encoded with H.264 and a bit-rate of 210 kbps. We conducted
33 simulation runs with different randomly generated seeds, and the
results show the values with a confidence interval of 95%. Table 2
summarizes the main simulation parameters.

We conducted simulation experiments with the following config-
urations. The without UAVasBS approach means a standard network
solution without UAV-BS deployment to assist the network, which
serves as a benchmark performance. We implemented four UAVasBS
deployment approaches, namely, 𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟, 𝑅𝑎𝑛𝑑𝑜𝑚, 𝑃𝑆𝑂, and SUAP.
The 𝑅𝑎𝑛𝑑𝑜𝑚 approach randomly deploys a set of UAVasBS over the

2 http://media.xiph.org/video/derf/.

Table 3
SUAP relevant parameters.

Parameters Value

Number of generations 30
Population size 20
Initial number of UAVs 7
Mutation rate 7.5%
Elitism 30%

Fig. 3. ACU with different UAVasBS numbers and deployment approaches.

damaged BS. The 𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟 approach deploys UAVasBS flying in a circle
along with the damaged BS, such as introduced by Lyu et al. [23].
The PSO approach optimizes the deployment of UAVasBSs based on a
particle swarm optimization algorithm, such as introduced by Na and
Yoo [26], Finally, SUAP enhanced network operation by deploying the
UAVasBSs as introduced in Section 3.

We measured the performance of SUAP by evaluating the individ-
ual’s population through four different costs, varying between 1 and
10, where 1 is the best and 10 is the worst cost value. Table 3 shows
the main SUAP parameters. Besides, there are no general guidelines or
standard deployment patterns that we can use for evaluating the SUAP
for UAVasBS deployment. In this sense, it is possible to compute the
Pareto Front solution of our optimization problem and determine the
distance of the solution returned by our meta-heuristics, where the GA
converges to the global optimum by returning points belonging to the
Pareto Front [51]. Hence, we measure the network quality gains as an
effect of UAVasBS deployment, which means that SUAP can meet its
goal as soon as the mobile user establishes a reliable connection with
an available UAVasBS, improving the connectivity and the QoS level.

We evaluate different solutions by collecting the ACU, PDR, delay,
remaining energy of UAVasBS, and GA evolution rate. Specifically,
ACU represents the number of mobile users in the range of a working
infrastructure, either a working BS or a UAVasBS. The PDR represents
the ratio between the number of successfully received packets over the
number of transmitted packets. Delay represents how long it takes for
a packet to travel from the mobile users to a working BS or UAVasBS,
which considers propagation and waiting time of the packet. The
number of connected users represents how many users are being served
by the entire working network, including ground BSs and UAVasBS.
Remaining energy means the ratio between the energy consumption
to fly and to send/receive packets over the initial energy of a given
UAVasBS. Finally, the GA evolution rate means how quickly the GA
algorithm converges.

4.2. Simulation results

Fig. 3 shows the ACU according to the UAVasBS deployment ap-
proaches, and the number of UAVasBS available for each approach.
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Fig. 4. ACU over time with UAVasBS deployment approaches.

By analyzing the results, we can observe that a standard network
without any UAVasBS assistance can only provide network connectivity
to 52.7% of the users (29 out of 55 users) after BS failures. In
contrast, SUAP provides a higher ACU with short variation regardless
of the number of available UAVasBS, where it provides a mobile user
coverage ratio up to nearly 94% to 96% (52 to 53 out of 55 users) for
10 available UAVasBS. The reason it that SUAP determines the most
suitable number and location of UAVasBSs based on the GA algorithm
that considers network statistics from BS and mobile users in a flash
crowd and emergency situations. Beyond that, SUAP also considers
the position of the ground users, mobile user channel quality, and the
positions of other UAVasBSs to evaluate the solutions. In other words,
the deployed UAVasBS provides network connectivity to mobile users
that are disconnected from the standard network and were in the range
of the damaged BS. Similarly, 𝑃𝑆𝑂 provides reasonable ACU results
with a higher variation for each available UAVasBS. For instance, 𝑃𝑆𝑂
provides ACU ranging from 80% to 89% of the users (44 to 49 out
of 55 users) for 10 available UAVasBS. This means that all results of
SUAP is within the 25% best results of 𝑃𝑆𝑂 for 10 available UAVasBS.
Besides, 𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟 and 𝑅𝑎𝑛𝑑𝑜𝑚 approaches cover between 72.7% and
74.5% (40 and 41 out of 55 users) and between 58.1% and 76.3% (32
and 42 out of 55 users) of mobile users, respectively. Despite providing
UAVasBSs to support the mobile users, both methods do not rely on any
other parameter other than the failed BS location, which is not enough
to provide mobile users connectivity in a flash crowd and emergency
situations.

Fig. 4 shows the number of users connected over time considering
10, 13, and 16 available UAVasBSs deployed with different UAVasBS
placement approaches. This result is important to analyze how the
approaches restore the number of connected users after a BS failure.
It is important to highlight that the number of connected users on the
network varies over time because users are continuously moving in the

scenario, which leads to disconnection from a given ground BS as users
move away. By analyzing the results, we can observe a short ACU varia-
tion over the time achieved by SUAP compared to 𝑃𝑆𝑂 considering 10,
13, and 16 available UAVasBSs. The stability provided by SUAP makes
it a better choice for the current scenario, not only because it is possible
to attend more mobile user than the other approaches but also because
the variation of connected mobile user is lower when employing SUAP.
On the other hand, frequent disconnections can lead to poorer service
provisioning. Specifically, after a BS failure at time 10 s, UAVasBS
deployment increases the number of connected users once now a flying
BS can reach the users of the damaged ground BS. However, the
placement approach and the number of UAVasBSs can substantially
impact the number of connected users. As the 𝑅𝑎𝑛𝑑𝑜𝑚 approach only
considers the damaged ground BS area to deploy the UAVasBSs, it is
not possible to consistently increase the number of connected users as
they continuously move to different positions. The 𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟 approach
tries to reach mobile users by applying a circular movement around the
damaged BS location. Nevertheless, this approach does not significantly
increase the number of connected users, as the users do not necessarily
move only around the damaged BS. Then, differently, the UAVasBS
placement was modeled as an optimization problem to determine the
number and location of the UAVasBS to obtain required air network
connectivity and performance, as in SUAP and 𝑃𝑆𝑂. These last two
approaches also consider the user locations and update their status
frequently to be as adaptive as possible. Specifically, SUAP provides
mobile user coverage ratio almost constant nearly 90% after the first
UAVasBS deployment for 13 available UAVasBSs. 𝑃𝑆𝑂 provides in the
best case 95% of user coverage, however, most of the time it provides
nearly 83% of user coverage for 13 available UAVasBSs.

Fig. 5 shows the average PDR according to the deployment ap-
proach, and the number of UAVasBS available for each approach. It is
possible to see the impact of varying the numbers of UAVasBSs, mainly
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Fig. 5. Average PDR with different UAVasBS numbers and deployment approaches.

when using the 𝑅𝑎𝑛𝑑𝑜𝑚 approach. It is expected that, when more
UAVasBSs are available, the chance that a mobile user will be covered
by a UAVasBS and transmit its packets successfully is higher. This also
happens to SUAP and 𝑃𝑆𝑂. However, at a certain point, increasing the
number of UAVasBSs does not improve the PDR performance anymore
due to the optimized deployment. Besides, increasing the UAVasBSs
number also increases the service cost and creates transmission interfer-
ence. Moreover, because the 𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟 approach uses a single UAVasBS
to get the users connected, the impact of the number of available
UAVasBSs is not significant. Similar to ACU results, we can observe that
SUAP provides higher PDR results with short variation, regardless of
the number of available UAVasBS. For instance, all PDR results of SUAP

Fig. 7. Average delay with different UAVasBS numbers and deployment approaches.

is within the 25% best results of 𝑃𝑆𝑂 for 10 available UAVasBS, which
also happens to numbers of available UAVasBSs for each approach.

Fig. 6 presents PDR results over time considering 10, 13, and
16 available UAVasBSs deployed with different UAVasBS placement
approaches. This result helps to see how the UAVasBS deployment
restores the PDR after a BS failure happens. As it can be seen, the
PDR drops significantly when a BS failure happens, and then it starts
to recover in 6 – 7 s after the BS failure, which is the time needed
for a set of UAVasBS to reach the defined locations. Each time our
proposal runs, the decision-making process involves identifying when
a BS stops working and evaluating the number of disconnected mobile

Fig. 6. Average PDR over time with UAVasBS deployment approaches.
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Fig. 8. Remaining energy of UAVasBS over time with UAVasBS deployment approaches.

users. Based on such information, SUAP determines the most suit-
able number and locations of UAVasBSs. 𝑃𝑆𝑂 calculates optimized
UAVasBSs’ positions based on a set of available UAVasBSs. The 𝑅𝑎𝑛𝑑𝑜𝑚
approach also updates its solution accordingly, but this deployment
does not consider users’ locations, and, therefore, the PDR remains
between 70% and 85%. The PDR in the 𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟 approach remains
at approximately 70%. The 𝑅𝑎𝑛𝑑𝑜𝑚 approach performs better than
the 𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟 one. This is because the 𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟 approach tries to cover
all the damaged BS areas with a circular movement, which makes
it cover much fewer users than the 𝑅𝑎𝑛𝑑𝑜𝑚 one. Moreover, we can
see that the 𝑃𝑆𝑂 performance varies over the simulation time, and it
could reach a reasonable performance in the end. The SUAP approach
delivers a better and almost constant PDR performance than the others
approaches, For instance, it provides a PDR of 90% – 95% over time
for 16 available UAVasBSs. It is possible to see once again that the
variation of connected mobile users is inversely proportional to the
network performance in terms of PDR. In other words, the higher the
variation of connected mobile user, the lower the network performance
in terms of PDR. SUAP achieves a better performance once it considers
each user’s current locations and the average distance between the set
of UAVasBSs and the users, which makes it more adaptive than other
solutions. As the one with the worst performance, when no additional
UAVasBSs are deployed to provide network connectivity under BS
failure scenarios, the PDR drops to approximately 41% and keeps at
this low level over time.

Fig. 7 shows the delay performance with different UAVasBS place-
ment approaches and the number of deployed UAVasBSs. We consider
the delay values experienced by users with network connectivity pro-
vided by the working ground BSs that are not damaged or the deployed
UAVasBSs. We can see that, even with the support of UAVasBS, the
delay varies from one solution to another. However, the variation range
is smaller when using SUAP approach. When there is no UAVasBS
deployed, the highest delay is observed since users in the affected area
can only be connected to a distant ground working BSs. 𝑅𝑎𝑛𝑑𝑜𝑚 and
𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟 can provide some improvements. However, as these solutions
are not aware of the user positions, the delay performance does not
reach a reasonable rate for some users.

Fig. 8 shows the average remaining energy ratio of the UAVasBSs
over time while using different UAVasBS deployment strategies. As
described by Zhao et al. [38] and Cumino et al. [37], the remaining
energy of each UAV decreases according to the amount of movement
and the number of transmitted packets. The UAV movement is the
most relevant energy consumption part. Moreover, when following the
𝐶𝑖𝑟𝑐𝑢𝑙𝑎𝑟 mode, the energy consumption becomes very significant since
UAVasBS starts to make constant circular movements to cover users,
while 𝑅𝑎𝑛𝑑𝑜𝑚, 𝑃𝑆𝑂 and SUAP remain static. The subtle improvement
of 𝑃𝑆𝑂 and SUAP compared to 𝑅𝑎𝑛𝑑𝑜𝑚 is because, with 𝑅𝑎𝑛𝑑𝑜𝑚,
UAVasBSs tend to spend more energy to re-transmit packets that are
lost due to the long distances between UAVasBS and users, while in

𝑃𝑆𝑂 and SUAP, this packet loss is minimized as UAVasBS tends to stay
closer to users.

To further analyze the proposed GA-based solution’s convergence
rate, we present the GA cost evolution results. As it can be seen in
Fig. 9, we assumed index values varying from 1 to 10 for each of the
costs, these being Coverage, Proximity between neighbors, Number of
UAVasBSs, and Distance concerning the central point of the area to
be served. The Coverage index, shown in Fig. 9(a), represents how
many UEs are sufficiently close to the set of deployed UAVasBS. The
close neighbor index, as shown in Fig. 9(b), represents how close the
UAVasBS are from each other. This index aims to evaluate how the
distribution of UAVasBSs by considering that UAVasBSs concentration
at a certain point can weaken the connectivity to UEs that may be
moving at very distant points. The number of UAVs index, as shown
in Fig. 9(c), is proportional to the number of UAVs being allocated to
a given area. Finally, the Distance to Center Index, shown in Fig. 9(d),
represents how close to the area’s central midpoint the group of UAVas-
BSs are. The closer to the midpoint, the higher are the chances to
cover most of the UEs affected by the BS failure. These results prove
that SUAP can deliver an optimal UAVasBS placement solution with
fast convergence, which is essential for UAVs to provide emergent
flash crowd and emergency situations connectivity services with limited
battery capacity.

5. Conclusions

In this article, we propose SUAP for UAVasBS deployment in flash
crowd and emergency situations to provide temporary network con-
nectivity. We explore an SD-UAVNet to manage the UAVasBS in a
coordinated manner, where a controller node collects global context
information for UAVasBS placement by SUAP, enhancing the network
performance in flash crowd or emergency situations. SUAP considers
a GA algorithm running on the controller using the network context
and application requirements to generate the optimized locations of
UAVasBS and provide aerial base station coverage to ground UEs. In
this sense, we introduce a path loss model for communications between
UAVasBS and mobile users as input for the GA decision-making. Simu-
lation results show that SUAP can effectively mitigate the challenges of
deploying UAVasBSs, and SUAP could recover the network with 90%
of ACU and achieve a PDR of 90%.

In the future, we will extend the system to explore ground user
mobility prediction to optimize the placement of UAVasBS further. We
will also investigate the possibility of having a distributed management
of the UAVasBS placement. When the number of deployed UAVasBS
and the geographical area to be covered is large, a consistent view
of the overall system state is theoretically unreachable due to the FLP
impossibility proof [52], making it unfeasible to exploit a centralized
resolution approach. By having each UAVasBS selecting its deployment
point within the area of interest, based on the local knowledge (i.e.,
the loss rate experienced by the neighboring user devices or base
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Fig. 9. GA costs evolution through the generations.

stations), a distributed management of UAVasBS placement can be
realized by leveraging on a game-theoretic approach. For these reasons,
we have studied the application of distributed resolution approaches for
multi-objective optimization surveyed in [53].
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