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Online Positioning of a Drone-Mounted Base
Station in Emergency Scenarios
T.R. Pijnappel , J.L. van den Berg , S.C. Borst , and R. Litjens

Abstract—Wireless communication networks provide a critical
infrastructure, particularly in emergency situations due to disrup-
tive events such as natural disasters or terrorist attacks. However, in
these kinds of scenarios part of the network may no longer be oper-
ational and a traffic hotspot may emerge, which may result in cover-
age and/or capacity issues. Deploying self-steering drone-mounted
base stations offers a potential method to quickly restore coverage
and/or provide capacity relief in such situations, but appropriate
positioning is crucial in order for a drone base station to be truly
effective. Motivated by that challenge, we propose a data-driven
algorithm to optimize the position of a drone base station in a
scenario with a site failure and emergence of a traffic hotspot. We
demonstrate that the use of a drone, when properly positioned,
yields significant performance gains, and that our algorithm out-
performs benchmark mechanisms in a wide range of scenarios. In
addition, we show that our algorithm is able to find a near-optimal
position for the drone in a reasonable amount of time, and even has
the ability to track the optimal position in case of a moving hotspot.

Index Terms—5G, drone base stations, drone base station
positioning, data-driven algorithm, dynamic traffic hotspot.

I. INTRODUCTION

THE key requirements in the planning and optimization
of wireless cellular networks include the provisioning of

adequate coverage and sufficient traffic handling capacity. While
well-engineered networks meet these requirements in normal
conditions, they may not be able to do so in situations where
part of the network is no longer operational. Such situations may
for example arise due to natural disasters such as earthquakes,
floodings, or wildfires, or due to terrorist attacks. In these cases,
it may be difficult, dangerous and/or time-consuming for a repair
or maintenance team to access the affected area and restore
the network operations. Especially in these kinds of situations
the deployment of self-steering drone-mounted base stations
offers a flexible and promising method to provide capacity
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relief and/or restore coverage. Also in case of events with
massive crowds/traffic hotspots such as sports games, festivals or
large-scale demonstrations, a network may face capacity issues
and can therefore benefit from the deployment of drone base
stations [1].

The effective deployment of a drone base station crucially
relies on determining an appropriate 3D-position. A well-
positioned drone can significantly improve performance as it
is able to support users that otherwise would be unserved.
Furthermore, served users may experience a stronger signal
and experience less interference when served by the drone.
On the other hand, a poorly positioned drone can potentially
even degrade network performance as it may cause additional
interference for users that are not connected to the drone. It
can also be the case that the drone unintentionally attracts users
that are better off when served by one of the still operational
regular base stations and enjoying the benefits of e.g. their higher
transmit power or enhanced beamforming capabilities.

The drone positioning problem is particularly challenging,
since the optimal position depends on many aspects, including
the nature of the scenario (crowded event or network disruption),
and the generally unknown propagation characteristics and spa-
tial user distribution. Moreover, in case of a network disruption
involving both a site failure and the emergence of a traffic
hotspot, optimizing the drone position may involve a challenging
trade-off between bringing capacity to the traffic hotspot or alle-
viating a coverage hole induced by the site failure. This trade-off
depends on the location and intensity of the hotspot, which are
often not a priori known in practice. In this paper we develop an
online control algorithm which addresses this trade-off and uses
real-time and practically measurable data to find an appropriate
position for a drone base station. For this we investigate the
performance impact of different control parameters such as the
drone’s 3D-position and develop a drone positioning algorithm
based on the most important control parameters.

The remainder of this paper is organized as follows.
Section II-A provides a review of related literature and highlights
the contribution of this work. In Section III the overall setting
and the key performance metric that we consider throughout
the paper are introduced. Section IV elaborates on the trade-offs
and challenges in determining an appropriate position of a drone
base station. In Section V we present the modeling assumptions
underlying the conducted simulations, and subsequently discuss
the results of a simulation-based sensitivity analysis involving
a static drone in Section VI. The proposed data-driven drone
positioning algorithm is specified in Section VII, followed by
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the results of a simulation study in Section VIII to examine the
performance of the algorithm. Section IX summarizes the key
conclusions and provides some topics for further research.

II. RELATED LITERATURE AND CONTRIBUTION

This section provides an overview of related literature and
highlights the contribution of this work.

A. Related Literature

Although drone base stations can be used in many situa-
tions [2], we focus our literature review on papers that consider
their deployment for enhancing coverage and capacity in scenar-
ios with crowded events and public safety settings. For this use
case most papers aim to optimize the positioning of drones [3],
[4], [5], [6], [7], [8], [9], [10], [11], [12], [13], [14], [15], [16],
[17], [18], [19], [20], [21], [22] while some also optimize the
number of drones that need to be deployed [3], [4], [5], [6].

In [3], the authors consider an entirely drone-based 3D cellular
network providing wireless coverage to drone-based user equip-
ments (UEs). To this end the authors approximate drone-specific
coverage areas by truncated octahedron shapes to determine the
required number of drone base stations and their positions.

In [4] a classical branch-and-bound algorithm with a
relaxation-induced neighborhood search is compared with a
low-complexity heuristic in the optimization of the number and
location of drone base stations. The comparison shows that the
heuristic tends to connect more users, but requires more drones
to do so.

The study in [5] compares a simulated annealing approach
and a genetic algorithm to minimize the number of drone base
stations and optimize their 3D-positions for energy-efficient cov-
erage provisioning. Another approach proposed by [6] and [7]
is to use a particle swarm optimization algorithm to find suitable
3D-positions for drone cells. The proposed algorithm starts with
a set of candidate solutions and tries to iteratively improve these
solutions with respect to a given measure related to the capacity,
coverage and spectral efficiency.

Software-defined networks offer a method that facilitates the
execution of the algorithm and measurements, and is therefore
suitable for the implementation of a drone positioning algorithm.
E.g. [8] proposes a software-defined networking based approach
to construct a more resilient network, where particle swarm
optimization is used for the positioning of drones.

In [9] a ‘sweep and search’ procedure is proposed to find
optimal locations for drone base stations with the goal to provide
coverage to as many users as possible for a given constellation of
users. To find the optimal positions for the drones, each drone is
assigned a search area, where it searches for user clusters while
following a zig-zag pattern.

In [10], [11], [12] the authors use Q-learning to find the
optimal placement of drone base stations. [10] considers the
use of a single drone base station in combination with existing
regular base stations with the goal to maximize the aggregate
network throughput. In [11] the use of multiple drone base
stations is considered in a scenario without regular base stations.
In this setting the authors aim to find optimal positions and

transmit powers for the drones. [12] aims to maximize coverage
in an emergency scenario by deploying a temporary network
which consists of a truck base station and multiple drone base
stations. A known drawback of the used Q-learning approach is
that it requires a relatively long time to learn the environment,
while in emergency scenarios it is of utmost importance that the
system is quickly able to find the optimal positions and therefore
does not require a long learning period.

The authors of [13] consider the optimization of the position
of a drone base station in an online setting with user mobility.
For this optimization the authors aim to minimize the path loss of
the user with the highest path loss using a Q-learning approach,
a gradient-based solution and a greedy algorithm.

In [14] a layered architecture is proposed where drones flying
in swarms at different altitudes are considered as an integrated
part of future cellular networks to provide additional capacity
and expand coverage. In this work, the positioning of the drones
at the lowest layer (the drones serving the users) is optimized
using an exhaustive search, which is noted to be difficult in more
complex scenarios.

Also the use of drones as relay stations is investigated by [15],
[16], [17]. In [15] the authors aim to maximize throughput while
taking into account the quality of service of the users, capacity
of the backhaul, available bandwidth and available power. For
this purpose the problem is decomposed into a 3D-positioning
problem and a resource allocation problem which are solved
using a cyclic iterative algorithm. Similarly, [16] designs a
heuristic algorithm that jointly optimizes the placement of drone
relays, user association and bandwidth allocation such that the
number of served users in a disaster struck area is maximized.
In [17] it is noted that both power allocation and positioning
of the drones affect system performance. For this reason they
develop criteria for optimal positioning and power allocation of
the drone relays.

As drones carry a battery they can only be deployed for a
limited amount of time. To overcome this issue, [18] proposes to
provide power to the drone using a tether that connects the drone
to the ground. For this setting, the authors study the optimal
placement of such a drone within a so-called hovering region
that depends on the tether length and surrounding buildings.

In [19] a sensitivity analysis regarding the position and cell
selection bias is conducted. This analysis showed that in the
given setting the CSR is not very sensitive to the position and
cell selection bias when these are close to optimal.

In [20] the authors present an analytical approach to optimize
the altitude of drone base stations to provide maximum radio
coverage on the ground.

The authors of [21] propose to use a machine learning ap-
proach to detect overloaded cells and formulate an optimiza-
tion problem for the deployment of drone base stations. This
optimization problem aims to maximize the number of covered
users in overloaded cells by finding the optimal 3D-placement of
drones while minimizing the energy consumption of the drones.

As all reviewed papers consider different approaches, incor-
porate other system aspects and/or pursue different objectives,
we highlight the novelty of our work in Table I where we indicate
whether a few key aspects relating to the addressed scenario or
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TABLE I
NOVEL ASPECTS OF CURRENT PAPER IN RELATION TO CLOSEST PRIOR WORK

the pursued solution are covered by the most closely related
references. Firstly, we indicate whether the studies consider
mixed scenarios involving both terrestrial base stations and
drone base stations or consider the use of drones only. Secondly,
we specify whether the exploited measurements are or can be
realistically made available in an operational setting, noting that
a network is generally unaware of the fraction of users that have
no coverage. In the final row we indicate whether the study
optimizes drone positions (configurations) in a scenario with
a realistic variation in the presence and/or location of users, or
assumes a user constellation which remains constant throughout
(parts of) the optimization process.

Although the solutions proposed by [4], [5], [6], [7], [8], [9],
[10], [11], [12], [13], [14], [15], [16] seem reasonable, these
solutions require the ability to evaluate the performance for
all possible configurations of the drone locations at a given
time. In order to do so, these papers effectively assume that the
constellation of active users does not change while the algorithm
searches for the optimal position. However, this assumption has
practical limitations in dynamic settings as both the movement
of a drone from one location to another as well as measuring
the performance at a given location takes time, during which the
constellation of active users is likely to change. To overcome
this issue, the algorithm that we propose will naturally adapt to
changes in the constellation of active users and can therefore be
used in practice. Moreover, we will consider scenarios where a
traffic hotspot moves around over time. Apart from the algorithm
we proposed in [22] the aforementioned solutions from the
literature are not designed for these kinds of scenarios.

B. Contributions

As mentioned earlier, it is challenging to find a good 3D-
position for a drone base station as it depends on many aspects
which are often unknown or difficult to measure. Therefore we
propose and assess a data-driven algorithm that aims to find the
optimal 3D-position in scenarios with a network disruption event
(site failure) where a traffic hotspot may emerge. Compared
to [22], we consider a broader range of scenarios (different
hotspot locations for both urban and rural environments), as
well as scenarios where the hotspot moves over time.

As opposed to [4], [5], [6], [7], [8], [9], [10], [11], [12], [13],
[14], [15], [16] which optimize the drone position for snapshots
of the environment (a given constellation of the user locations),
we propose an algorithm that optimizes the drone location
in an online manner. This means that the proposed algorithm

naturally adapts to the changing environment. Furthermore, [4],
[5], [6], [9], [11] only consider the use of drone base stations. In
this paper we will also take still operational regular sites into
account. For the described setting we initially consider four
control parameters (the x, y, z coordinates and a cell selection
bias known as the Cell Individual Offset or CIO), and show using
a simulation-based sensitivity analysis that the altitude and CIO
have limited impact on the chosen performance metric, the Call
Success Rate (CSR).

Because of this observation, the proposed algorithm will only
adjust the x and y coordinates of the drone. As it is not possible
to accurately measure the CSR in short periods of time, we
identify practically measurable metrics to drive the adjustments
of the x and y coordinates. However, it is not clear what the most
appropriate metric is to drive these adjustments. As the selection
of such a metric is of great importance for our proposed method
we investigate several metrics and compare their performance.
The advantage of this approach is that it only relies on practically
measurable metrics and does not require any pre-deployment
learning or knowledge of the propagation environment, antenna
features, location of the hotspot or traffic density. As a result,
the proposed algorithm can be operationally deployed in a wide
range of scenarios.

For the performance assessment of the algorithm we will
examine a wide range of coverage and capacity-limited scenarios
which correspond to both urban and rural environments. For
these environments we consider various locations and traffic
intensities of the hotspot. Moreover, we compare our algorithm
with relevant benchmarks: i) no drone assistance; ii) a static
drone deployed right above the failing site; iii) the algorithm
proposed in [22]. We show that compared to these benchmarks
our algorithm has a similar or improved performance in all
scenarios. Lastly, we demonstrate that our algorithm is able to
find a near-optimal position in a fairly short amount of time, and
even is capable to track the optimal position in case of a moving
traffic hotspot.

III. SCENARIOS AND PERFORMANCE METRIC

We consider a macro-cellular network whose service provi-
sioning is impacted by a disruptive event, resulting in a site
failure. As a consequence of this event, it may be the case
that users are distressed which may lead to the emergence of
a traffic hotspot. In this setting, we will consider a total of
44 scenarios, characterized by two distinct inter-site distances
(ISDs) of 500 m and 3500 m (corresponding to an urban and a
rural environment, respectively). For both the urban and rural
environment we consider a case without a traffic hotspot and
seven cases with distinct hotspot locations (marked by the cyan
dots in Fig. 1). When a hotspot is present, we will consider
three different relative traffic intensities in the hotspot. Hence
the scenarios differ with respect to the type of environment
(dense urban (DU) or rural (RU)), the location of the hotspot
defined by the distance to the failing site dhotspot (in m) and angle
relative to the x-axis ϕhotspot (in degrees), and the relative traffic
intensity in the hotspot ρ. In order to provide clear references to
the various scenarios when presenting the numerical results, we
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Fig. 1. Best-server areas after the site failure. The different colored areas
indicate the cells corresponding to the regular base stations. The yellow areas
mark coverage holes. The black arrows show the azimuth directions of the
still operational regular sites, and the cyan dots mark possible locations that
we consider for the center of the hotspot. (a) Urban environment. (b) Rural
environment.

denote them in the format “{DU, RU}-dhotspot-ϕhotspot-ρ”. For
example “DU-100-90-4” refers to a scenario with a dense urban
environment, a traffic hotspot located 100 m from the failing
site at an angle of 90 degrees with respect to the x-axis where
the traffic intensity is four times higher than elsewhere. While
it is infeasible to exhaustively evaluate all possible scenarios
(considering all possible hotspot locations and traffic intensities
in the hotspot), the selected scenarios serve to cover a broad
range of relevant environments and traffic patterns.

As mentioned earlier, we adopt the Call Success Rate (CSR) as
performance metric to evaluate the performance in these scenar-
ios. The CSR is defined as the fraction of calls that are successful,
meaning that a call has coverage, is admitted to the system, is
not dropped, and receives its required minimum bit rate for its
entire duration. To determine the CSR we only consider calls that
are initiated in the pre-incident best-server areas of the failing
site and its immediate neighbor cells, indicated by the blue and
yellow-shaded areas in Fig. 1, with the latter areas indicating
coverage holes caused by the site failure.

IV. KEY CHALLENGES

In this section we will elaborate on various challenges and
trade-offs associated with finding an appropriate position for a
drone-mounted base station with respect to the CSR. To optimize
the CSR, we consider four control parameters of the drone that
can be adjusted, namely the x, y and z coordinates and the
so-called Cell Individual Offset (CIO) which is used for cell
selection (steering traffic towards or away from the drone) with
the intention to better balance the loads of the drone and its
neighboring cells.

A. 2D-Position Trade-off

One trade-off with respect to the 2D-position (x and y co-
ordinates) of the drone arises when deciding whether to bring
capacity to a hotspot area or to provide coverage near the failing
site. If there is no hotspot, or the hotspot is not too intense, then
it is likely best to position the drone right above the failing site.

However, if there is a high traffic intensity in a hotspot area, then
it may be better to position the drone close to this hotspot area
to make sure that the users in the hotspot enjoy favorable radio
conditions.

It is evident that the location of the hotspot is an important
factor for the optimal drone position, but it is not only the
distance between the hotspot and the failing site that matters.
The position of the hotspot relative to the azimuth directions of
the nearest still operational base stations is important as well,
as it affects the degree to which those base stations can serve
the hotspot traffic. Consequently, this also affects the degree to
which the drone needs to move towards the hotspot and help
out. To illustrate this, consider two scenarios: scenario A with a
hotspot located such that the closest still operational regular site
has an antenna aiming in the direction of the hotspot (indicated
with the letter A in Fig. 1(a)), and scenario B with a hotspot
located equally far from the failing site but with the nearest
still operational regular cell aimed 60 degrees away from the
hotspot (indicated with the letter B in Fig. 1(a)). For scenario A,
the UEs in the hotspot have a relatively good connection to the
regular base station compared to the hotspot UEs in scenario B.
Therefore, in scenario A the drone can focus more on UEs close
to the failing site, and hence the optimal position of the drone
will be closer to the failing site.

B. Altitude Trade-off

The selection of the altitude involves a few trade-offs as well.
First, a higher altitude implies that the distance between the
drone and the UEs increases, which has a negative impact on
the path loss, and therefore on the signal strength. Secondly,
a higher altitude also has the advantage that there is a higher
probability of having a line-of-sight (LoS) link with a UE, which
in turn has a positive impact on the path loss and therefore on the
signal strength. Lastly, an increased altitude has a positive impact
on the antenna gain as the UEs will be closer to the antenna’s
main beam, which is directed downwards, which in turn has a
positive impact on the signal strength. Overall, the net result of
these counteracting effects is non-trivial and ultimately depends
on the altitude of the drone and the 2D-distances between the
UEs and the drone.

Because a change in altitude affects the signal strength, it also
changes the area where the drone provides coverage. At the same
time a change in altitude also affects the amount of resources
that users require, which may lead to a trade-off between serving
users with a good bit rate or providing coverage to a larger area.

C. CIO-Trade-off

As mentioned before, the CIO (given in dB throughout this
paper) is used as a cell selection bias with the goal to balance
the loads. For the cell selection, we look at all cells that provide
coverage to the UE, and from these cells select the covering cell
with the highest value of RSRP + CIO, where RSRP denotes the
Reference Signal Received Power in dBm. Therefore the CIO
is used to steer traffic towards (positive CIO) or away (negative
CIO) from the drone to balance the loads between the drone and
the other cells. So the difficulty in optimizing the CIO is finding a
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CIO value which reduces the load of highly loaded cells without
overloading the drone cell itself.

Moreover we should note that the altitude of the drone has a
non-trivial impact on the optimal value of the CIO. The reason
for this is that the altitude has an impact on the signal strength
experienced by the UEs. If the UEs have a good signal, they
require fewer resources and therefore the drone can support
more UEs. However, as mentioned before, it is not clear how the
altitude affects the signal strengths and therefore, it is unclear
how the altitude affects the optimal CIO value.

V. MODELING ASSUMPTIONS

In order to evaluate the performance of the proposed drone
positioning algorithm, we will conduct extensive simulation
experiments. In this section we give an overview of the modeling
assumptions used in these simulations.

A. Network and Antenna Aspects

To model the network, we consider a hexagonal layout of
twelve three-sectorized sites comprising 12 × 3 = 36 cells. We
make a distinction between capacity-limited and coverage-
limited scenarios, which we characterize by the assumption of
an urban and a rural environment with inter-site distances (ISDs)
of 500 m and 3500 m, respectively. We use a wraparound feature
to mimic an infinite-size network and avoid boundary effects.

Each of these regular cells is assigned a B = 5 MHz carrier
in the 3.5GHz band, where a fraction κ of the carrier is required
for control signals. Furthermore, we assume that the drone is
wirelessly backhauled on a frequency different from the fre-
quency used to serve the UEs. Moreover, each regular cell is
served by directional antennas located at an altitude of 25 m
and 35 m for the urban and rural deployments, respectively[23,
default values in Table 7.4.1-1]. For the antenna gains of the
regular base stations we will use the model proposed in [24]
characterized by the horizontal and vertical half-power beam
widths HPBWh,v (in degrees), the maximum gain Gr (in dBi),
the front back ratio FBR (in dB) and the side lobe level SLL
(in dB). Given these, we can express the total antenna gain as
G(ϕ, θ) = Gh(ϕ) +Gv(θ) where

Gh(ϕ) = −min

{
12

(
ϕ

HPBWh

)2

, FBRh

}
+Gr, (1)

Gv(θ) = max

{
−12

(
θ − θetilt

HPBWv

)2

, SLLv

}
, (2)

with ϕ denoting the horizontal angle relative to the azimuth
direction, θ denoting the negative elevation angle relative to
the horizontal plane and θetilt denoting the electrical downtilt.
Furthermore we assume that all regular base stations have a
total transmit power of Pmax

r = 20 W.
For the antenna gain of the drone base station we assume that

the drone is equipped with an antenna consisting of a single
antenna element. We then use a rotated version of the model
provided in [23, Table 7.3-1], adapting the vertical component
to ensure a circular footprint. As a result we model the antenna

gain using the following formula

G(ϕ) = −min

{
12

(
ϕ

HPBWd

)2

, Amax

}
+Gd, (3)

withAmax the maximum attenuation andGd the maximum gain
(both in dB). We assume that the drone has a total transmit power
of Pmax

d = 0.5 W.

B. Propagation Characteristics

For the link between UEs and regular base stations we use the
path loss models provided in [23, Tables 7.4.1 and 7.4.2]. We
determine the path loss as the weighted average of the path loss
for a line-of-sight (LoS) and a non-line-of-sight (NLoS) link,
with weights given by the probability of having a LoS or NLoS
link.

In view of the higher altitude and different orientation of the
drone, we use a different path loss model for links between
the UEs and the drone base station. For this model we need
three statistical parameters to reflect different kinds of scattering
environments [25]:

α: The ratio of built-up land area to the total land area.
β: The number of buildings per square kilometer.
γ: A scale parameter describing the buildings’ heights according

to a Rayleigh distribution.

Using these parameters we can determine two other envi-
ronment parameters ξ and ψ according to [20]. Now we can
formulate the path loss between the drone and a UE as the free
space path loss plus an excessive path loss component ηLoS or
ηNLoS which depends on the type of link (LoS or NLoS). In line
with [20] the path loss is given by

Ld = 20 log10

(
4πdf
c

)
+ pLoSηLoS + (1 − pLoS)ηNLoS, (4)

where c denotes the speed of light, f the carrier frequency and
d the 3D-distance between the drone and the UE, and

pLoS = 1 − pNLoS =
1

1 + ξ exp (−ψ[arctan(h/r)− ξ])
, (5)

with h and r the height difference and the horizontal distance
between the UE and the drone, respectively.

Besides the path loss, the propagation loss of a signal is also
affected by shadow fading. To incorporate this, we determine
spatially and site-to-site correlated shadow fading maps for
each of the sites according to the model provided in [26]. For
this model we need to specify three parameters: the site-to-site
correlation ω, the decorrelation distance ddecorr and the standard
deviation of the shadow fading σsh.

Lastly, we impose a minimum coupling loss of 70 and 80 dB
for the urban and rural environment, respectively [27].

C. Traffic Characteristics

We assume that the UEs that want to initiate a new call arrive
according to a spatially uniform Poisson process with rate λ.
In addition, we assume the emergence of a traffic hotspot that
is caused by a network disruption event. This hotspot area is
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assumed to be a circle with radius of 100 m, where the arrival
rate of new calls is ρ times higher than elsewhere. The value
of ρ and the location of the traffic hotspot will be varied in the
different simulation scenarios.

All active UEs are assumed to be static (not moving over time)
and the calls are assumed to have an exponentially distributed
duration with a mean of τ seconds. Furthermore we assume that
all calls require a minimum bit rate of R Mb/s for their entire
duration.

D. Resource Management Aspects

Upon call generation, we first determine the RSRP values
to the different cells to check whether the associated UE has
coverage or not. When the UE has coverage, it is assigned to the
covering cell with the highest value of RSRP + CIO. Then the
admission control mechanism estimates the fraction of downlink
resources that this new call requires such that it achieves its
minimum required bit rateR. The required fraction of the serving
cell’s resources is estimated byR/((1 − κ)B log2(1 + SINR)),
where SINR denotes the current Signal-to-Interference-plus-
Noise Ratio experienced by the new UE, and B and κ are
recalled to denote the available bandwidth and the fraction
of this bandwidth required for control signals, respectively.
For the calculation of the SINR, we assume a thermal noise
of −106.94 dBm and a noise figure of 8 dB. The admission
control mechanism admits the new call when sufficient resources
can be made available without violating the minimum bit rate
requirement of on-going calls.

In line with the aim to optimize the CSR, we assume a
scheduling mechanism that allocates the available resources
in a proportional fair way subject to the minimum bit rate
requirement. In the unfortunate case where it is not possible
to provide all assigned UEs with their required minimum bit
rate (which can be a consequence of the drone movement as this
impacts the signal strengths), as many UEs as possible receive
the required amount of resources. In this case the remaining
resources are given to the unsatisfied UE that requires the least
amount of resources.

Although we do not consider user mobility, the dynamic
adjustments of the drone position lead to changes in the path loss
and antenna gain values. As a consequence, the total amount of
required resources may exceed the available capacity, in which
case at least one UE no longer receives its minimum required
bit rate. Another consequence is that the RSRP values change as
well and may result in the dropping of UEs. This happens when
the RSRP of the serving cell falls below the coverage threshold
of −120 dBm. Moreover, these changes in RSRP values can
lead to handover requests when the RSRP + CIO of a candidate
target cell exceeds the RSRP + CIO of the currently serving cell
by at least 3 dB (assumed hysteresis value) for at least 200 ms
(assumed time to trigger). When such a handover request is
submitted to the target cell, the admission control treats this
request in the same way as it treats a new UE. Whenever a
handover request is denied, it is repeated after 50 ms provided
that the conditions triggering the handover are still satisfied.

TABLE II
SIMULATION PARAMETERS

E. Simulation Parameters

To be able to use the described models, we need to select
suitable parameter values for our simulations. The selection is
based on the ones indicated in a 3GPP technical report [23], a
commonly known reference [29], and an antenna data sheet [30].
An overview of the selected parameters for both types of envi-
ronments is shown in Table II.

VI. SENSITIVITY ANALYSIS

In Section IV we gave some intuition for the optimal values
of the control variables (x, y, z and CIO). Since it is not clear
how and to what extent these control parameters affect the
CSR performance, we conducted a simulation-based sensitivity
analysis involving a static drone. In this sensitivity analysis we
consider each of the 44 scenarios introduced in Section III. For
each scenario we consider 21 different drone positions in the
horizontal plane (specified relative to the locations of the hotspot
and failing site), altitudes in{80, 90, . . . , 200}m and CIO values
in {−4,−3, . . . , 3, 4} dB for the drone. For each combination of
these parameters we determine the CSR averaged over twenty
simulation runs with distinct random seeds, each covering a time
span of one hour.

A. 2D-Position

As mentioned in Section IV-A, the location and intensity of the
hotspot impact the optimal settings of the control parameters. To
illustrate the impact of the hotspot intensity, consider an urban
environment where the center of the hotspot is indicated with
the letter A in Fig. 1(a). Fig. 2(a) and (b) show the results of a
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Fig. 2. CSR for low (a) and high (b) traffic intensities in the hotspot, for various combinations of CIO values and positions of the drone on the line between the
failing site and the center of the hotspot. (a) Low traffic intensity in the hotspot. (b) High traffic intensity in the hotspot.

Fig. 3. CSR for two different hotspot locations (A and B) with equal traffic intensity, for various combinations of CIO values and positions of the drone on the
line between the failing site and the center of the hotspot. (a) Scenario A, hotspot located in the azimuth direction of a nearby cell. (b) Scenario B, hotspot located
at 60 degrees from the azimuth direction of a nearby cell.

sensitivity analysis assessing the impact of the drone position
and the CIO on the CSR for a scenario with a low and a high
traffic intensity in the hotspot, respectively. In these figures, the
positions of the drone are along the line from the failing site (2D-
distance 0 m) to the center of the hotspot (2D-distance 200 m)
for a fixed altitude of 120 m. The figures indeed show that the
optimal position (with respect to the CSR) of the drone is close
to the failing site for a low-intensity hotspot, while it is close to
the center of the hotspot when the traffic intensity in the hotspot
is high. Moreover, we see that the optimal value of the CIO is
different for the two scenarios, which we will further discuss in
Section IV-C.

In Section IV-A we also mentioned that optimal settings of
the control parameters depends on the location of the hotspot
relative to the azimuth directions of the nearest still operational
base stations. To qualitatively illustrate this, we plot in Fig. 3(a)
and (b) the CSR for different locations of the drone for scenarios
A and B (as defined in Section IV-A), respectively. Again, we

vary the CIO value and fix the altitude of the drone at 120 m.
In line with the argumentation provided in Section IV-A, the
figures show that the optimal position of the drone is closer to
the failing site in scenario A than in scenario B.

B. Altitude

Let us first consider the RSRP values for UEs located at
various distances from the drone for different altitudes of the
drone as plotted in Fig. 4. In this figure the colors indicate the
signal strength, and the white colored area indicates UE locations
without coverage. We see that the coverage area increases with
the altitude. Apparently, for most UE locations the positive
effects of increasing the altitude on the antenna gain and LoS
probability for the path loss outweigh the negative impact on
the path loss caused by the increased distance between the UE
and the drone. However, we note that in practice some legal
restrictions may be in place for the altitude at which a drone
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Fig. 4. RSRP values for various altitudes and 2D-distances in an urban (a) and rural (b) environment, respectively. (a) Urban environment. (b) Rural environment.

is allowed to fly. In this study we will restrict the drone to
fly at an altitude up to 120 m which is the maximum allowed
altitude for drones in the ‘open’ category [28], meaning that no
special permit is required. However, it might be possible to avoid
this restriction and potentially achieve better performance when
considering drones in the ‘specific’ or ‘certified’ category.

As we can see in Fig. 4, increasing the altitude of the drone
deteriorates the RSRP for UEs close to the main beam of the
drone (2D-distance 0 m). This is caused by the fact that the
path loss deteriorates more than the antenna gain improves. On
the other hand, we also see that for UEs further away from the
drone an increased drone altitude enhances the RSRP, as for
these UEs the positive effects of the increased altitude on the
path loss (due to an increased LoS probability) and antenna gain
outweigh the negative effect of the increased distance on the
path loss. Although from a coverage perspective it is best to
position the drone at an altitude of 120 m given the assumed
legal restriction, it is not clear whether this is also a good choice
from a CSR point of view, where we should keep in mind that
the still operational regular base stations also provide coverage
to the area previously covered by the failing site. However, in
37 out of 44 scenarios in our simulation study, we observed that
the optimal altitude from a CSR viewpoint was 120 m or higher.
In Section VI-D we will further investigate the impact of the
altitude on the CSR.

C. Cell Individual Offset

To illustrate the impact of the CIO we consider two scenarios
where the hotspot is located at the same position (200 m from
the failing site), but has a different traffic intensity (ρ = 2 and
ρ = 8). In Fig. 2(a) and (b) we plot the CSR for various locations
of the drone on the line from the failing site to the center of
the hotspot but at a fixed altitude of 120 m, and for various
values of the CIO. In these figures we observe that the CIO
value optimizing the CSR is lower when the traffic intensity in
the hotspot is higher. A reason for this is that when the traffic
intensity increases, the drone will at some point no longer be
able to support all UEs in its close proximity, and thus needs

to steer some of this traffic towards regular cells that still can
support these UEs. This illustrates that the CIO has a non-trivial
impact on blocking and hence also on the CSR. However, in our
simulation study we found that in 38 out of 44 scenarios the
CIO optimizing the CSR lies in the interval from −2 to 2 dB.
Moreover, the scenarios where this is not the case correspond
to an ISD of 500 m (urban environment) and an eight times
higher traffic intensity in the hotspot than elsewhere. We also
see however that the CSR seems not too sensitive with respect
to the CIO, therefore it appears to be possible to fix the CIO and
still attain a close-to-optimal CSR.

D. Selection of the Altitude and CIO

As mentioned in Sections VI-B and VI-C, the optimal altitude
and CIO were in most cases 120 m or higher and between−2 and
2 dB, respectively. Motivated by this observation, we investigate
whether the sacrifice in terms of a reduced CSR is acceptable in
case we choose to simplify the optimization challenge by fixing
the altitude to 120 m and the CIO to 0 dB. The corresponding
simulation results, shown in Fig. 5, reveal that the pairwise
difference between the CSR values is small, with an average
difference of approximately 0.004 and a maximum difference
less than 0.012. Based on this insight, we choose to fix the
altitude and the CIO to the given settings in the remainder of
this paper, and concentrate on the dynamic optimization of the
drone’s 2D-position.

VII. ALGORITHMS

In this section we specify the proposed data-driven drone
positioning algorithm. For this we will elaborate on the al-
gorithmic challenges, and describe the general framework of
the proposed data-driven drone positioning algorithm and used
control metrics (measurement data).

A. Algorithmic Challenges

Although we reduce the complexity from four optimization
variables to only two by fixing the altitude and the CIO (as
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Fig. 5. Comparison of optimal CSR values for different scenarios, when the altitude and CIO are optimized, or fixed at 120 m and 0 dB, respectively. (a) Urban
environment. (b) Rural environment.

mentioned in Section VI-D), finding the optimal horizontal
drone position still constitutes a significant challenge. Moreover,
because the optimal position of the drone depends on many
unknown factors like the location and intensity of the hotspot,
we need an online algorithm that can find an effective position
for the drone with close-to-optimal CSR, in a fairly short amount
of time (order of minutes).

Since we use the CSR as the main performance measure, it
seems natural to use this metric also to drive the adjustments
of the drone position. However, the CSR cannot be measured
accurately in short periods of time for several reasons. First of
all, the drone and other cells are unaware of UEs that do not
have coverage. Secondly, a large number of calls needs to be
considered to have an accurate measurement of the CSR. Hence,
the CSR is ill-suited to drive the online adjustments of the drone
position. Thus, we need another so-called control metric (CM)
to drive the algorithm, whose optimization ideally leads to the
same drone location that optimizes the CSR itself. Therefore
the main novel component of the algorithm that we propose is the
construction of this CM, which should be accurately measurable
in relatively short amounts of time. In Section VII-C we will
propose several choices for the CM which will be evaluated in
Section VIII-A, where each CM is used in combination with the
general algorithmic framework presented in the next section.

B. General Framework

We consider a measurement-based algorithm that adjusts the
location of the drone (x and y coordinates) in an iterative manner,
where only one coordinate is adjusted at a time. For these
adjustments we start by measuring a CM that can be measured
accurately in a relatively short amount of time (which we assume
to be 200 ms). The measurement is followed by a ‘decision
point’, at which the algorithm takes the action to move one meter
in the x or y direction with an assumed speed of 24 km/h. When
the drone has moved to the new position, we wait some time, the
so-called ‘time to trigger’ which is assumed to be 200 ms to allow
handovers to occur as a possible consequence of the action. After
that a new measurement period starts followed by a new decision
point. At this decision point the algorithm needs to select the next
action based on the previous actions and the current and previous
CM. If the CM has improved, then it is assumed that the previous
action was a good one and the same action is repeated until the
CM starts to degrade. In case the CM degraded, the previous
action is assumed to be a bad one, and the algorithm starts
adjusting the given coordinate (x or y) in the opposite direction
until the CM degrades again. At that point, we start optimizing
the other coordinate. An overview of the algorithm is shown
in Fig. 6. Although the ‘flowchart logic’ of the algorithm itself
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Fig. 6. Flowchart of the algorithm.

is fairly straightforward, the innovative aspect of the algorithm
lies in the use of a carefully defined CM to drive the adjustments
of the drone with the goal to optimize the CSR. Note that it
is unclear what CM would best achieve this goal as the CSR
cannot be used to drive the drone adjustments. Furthermore, as
the constellation of calls changes over time, the optimal position
of the drone changes over time as well. Hence, an action that is
considered good at time tmay be considered bad at time t+Δt,
which implies that the drone needs to continuously optimize its
position based on the CM.

We would like to emphasize that the described algorithm only
relies on practically measurable metrics and does not require
any pre-deployment learning or knowledge of the propagation
environment, antenna features, location of the hotspot or traffic
density. As a result, the algorithm can be used in a wide range
of scenarios.

C. Control Metrics

As mentioned, the CM is at the core of the algorithm and has a
significant impact on the performance of the algorithm and thus
the CSR. Hence, it is important to select a suitable CM, which
can be easily obtained in practice. An example of a metric that is
easy to measure in practice relates to the load of a cell, which we
define to be the fraction of resources that a cell needs to provide
all its assigned UEs their minimum required bit rate. These load
measurements indirectly provide an indication for the degree of
blocking and thus the CSR, and therefore form a natural basis

for the CMs. The idea behind this is that minimizing the cell
load or, alternatively, the load per UE leads to more available
resources, hence a reduction of the number of blocked UEs and
therefore an improvement of the CSR.

A key question is for which cell we consider the cell load or
load per UE. An obvious choice seems to be to consider the drone
cell, but it could also be beneficial to reduce the load (per UE)
in the most highly loaded regular cell adjacent to the cells of the
failing site. Based on this, we choose to consider the following
CMs:
CM 1: The load of the drone cell.
CM 2: The load of the most highly loaded regular cell.
CM 3: The load of the drone cell plus the load of the most

highly loaded regular cell.
CM 4: The average load per UE of the drone cell.
CM 5: The average load per UE of the most highly loaded

regular cell.
CM 6: The average load per UE of the drone cell and the most

highly loaded regular cell (each cell has equal weight).
CM 7: The average load per UE of the drone cell and the most

highly loaded regular cell (each cell has weight equal
to the number of assigned UEs).

In the description above, a regular cell is considered to be
one of the cells adjacent to the cells of the failing site. In
an operational network, the values of these CMs are readily
collected by a control node, which can then determine the next
action and signal this to the drone.

VIII. SIMULATION RESULTS

Using the models described in Section V, we evaluate the
performance of our algorithm with the CMs described in
Section VII. In particular, the resulting CSR values will be
considered for the 44 scenarios with a static hotspot as described
in Section III. Moreover, we consider the convergence time of the
proposed algorithm using the best performing CM, and evaluate
the tracking capabilities of the drone in case of a moving hotspot.

A. Static Hotspots

Let us first consider the performance of the proposed algo-
rithm with each of the chosen CMs, for the scenarios with static
hotspots described in Section III. Besides the scenario without
a hotspot, we assume the multiplication factor for the intensity
of initiated calls in the hotspot ρ to be 2, 4 or 8 for the urban
environment, and 10, 25 and 50 for the rural environment. In all
scenarios, the starting position of the drone is above the failing
site and that the location of the center of the hotspot is static
(does not change). To get accurate results, we determine the
average CSR over 25 simulation runs where for each run the
CSR is measured over a time period of four hours starting when
the drone has been active for some time.

Table III shows the performance of the three benchmarks (no
drone, a static drone above the failing site and the algorithm
from [22]) and the proposed algorithm using the different CMs as
listed in Section VII-C. As expected, the setting without a drone
has the worst CSR performance for most scenarios. However,
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TABLE III
CSR OF THE BENCHMARKS AND PROPOSED ALGORITHM WITH

DIFFERENT CMS

CM 2 and 5 have a poor performance, which is caused by the fact
that the drone tends to move in the wrong direction. To explain
this, notice that only the load or load per UE of the most highly
loaded regular cell is considered. Moving the drone towards
this cell implies additional interference for the UEs connected
to this regular cell, which then need a larger fraction of the
available resources. Hence the CM (load or load per UE) in this
cell increases while we are trying to minimize the CM, meaning
that it is better for the drone to move away from this cell.

We see that the static drone above the failing site performs
quite well in a number of scenarios. The scenarios where this is
the case have in common that there is no hotspot or a hotspot
with a relatively low intensity of initiated calls (ρ = 2 in the

urban setting and ρ = 10 in the rural setting), but also when the
center of the hotspot is relatively close to the failing site.

Although the algorithm in [22] can make adjustments with
respect to the altitude (but also has a maximum altitude of 120 m)
and CIO, the proposed algorithm shows similar performance
with CM 1 and 4. However, the proposed algorithm has in most
scenarios a higher CSR with CM 3, 6 and 7 which is thanks
to the fact that these consider both the drone cell and the most
highly loaded regular cell. As it depends on the scenario which
of the three CMs performs best, we will select the CM with the
best CSR over all scenarios, which turns out to be CM 7.

As mentioned earlier, the performance improvement that can
be realized by the deployment of a drone base station depends
on the scenario. The proposed algorithm using CM 7 has at
least a similar performance to the deployment of a drone above
the failing site, but in some scenarios the proposed algorithm
provides a significant performance improvement over such a
static deployment. Examples of these scenarios are scenarios
DU-100-120-4, DU-100-120-8, DU-200-90-4, DU-200-90-8,
DU-200-120-4 and DU-200-120-8. In these cases we see im-
provements in CSR of more than 0.025, 0.035, 0.018, 0.030,
0.031 and 0.055, respectively. Although these values may seem
to indicate rather modest improvements, they imply a reduction
in the fraction of failed calls with more than 18%, 17%, 11%,
12%, 18% and 21%, respectively. This means for example for
scenario DU-200-120-8 that more than one out of five calls that
would be unsuccessful when deploying a static drone at the
failing site would be successful when the drone would adjust
its position using the proposed algorithm. Hence in several
scenarios, the algorithm is able to dynamically find a better
position for the drone which significantly reduces the fraction
of failed calls.

In Fig. 7 we compare the proposed algorithm using CM 7 with
the three benchmark settings (no drone, a static drone above the
failing site and a drone that adjusts its x, y, z and CIO using the
algorithm proposed in [22]). For these settings the average width
of the two-sided 95% confidence intervals is less than 0.004, i.e.
around 0.45% of the indicated value. Hence we see that the
proposed algorithm significantly outperforms all benchmarks
in scenarios considering a dense urban environment where the
hotspot is not located at the failing site and has a load that is four
or eight times higher than elsewhere. For all other scenarios, the
proposed algorithm and the best-performing benchmark have
overlapping confidence intervals, which indicates that in these
scenarios the proposed algorithm has a performance similar to
the best-performing benchmark.

B. Convergence Time

In an emergency scenario it is of utmost importance that the
drone is able to find a good position in a fairly short amount of
time. In order to investigate the convergence time (the time that
the drone needs to find a good position), we plot the average CSR
of 25 simulation runs measured over a moving time window of 5
minutes over time. For the urban environment we will consider
the scenarios where the hotspot is located at positions A and B
in Fig. 1(a), as well as a hotspot with its center at the failed site.
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Fig. 7. Comparison of CSR corresponding to the proposed algorithm using CM 7 with the three benchmarks. (a) Urban environment. (b) Rural environment.

For these hotspot locations we will consider the traffic intensity
in the hotspot to be twice or eight times as high as elsewhere
i.e. ρ ∈ {2, 8}. Similarly, in the rural setting we will consider
the locations C and D in Fig. 1(b) as well as the location of the
failing site as the center of the hotspot, but now we will consider
the traffic intensity in the hotspot to be 10 or 50 times as high as
elsewhere i.e. ρ ∈ {10, 50}.

Before we discuss Fig. 8, we notice that the CSR value at
time t is measured over the time window from time t− 300 to t.
Furthermore, time 0 indicates the point in time where the drone
becomes active. Therefore, it is logical that the CSR increases
shortly after this, as the drone is then able to admit all new users
and is gradually using more of its capacity.

For the scenario with the hotspot at the failing site and for
the scenarios with the hotspot at locations A and B with ρ = 2,
Fig. 8(a) shows that the CSR is fluctuating around an equilibrium
after only 5 minutes. This can be explained by the fact that in

these scenarios a good position for the drone is close to the
failing site (where the drone starts at time 0). However, for the
scenarios where the hotspot is located at location A or B with
ρ = 8, we see that it takes approximately 1400 seconds to reach
an equilibrium. Furthermore, we see in Fig. 8(a) that the settings
with ρ = 8 have lower CSR compared to the settings with ρ = 2.
To explain this, we note that the urban environment with an ISD
of 500 m corresponds to a capacity-limited scenario. Hence for
higher values of ρ, there is more traffic that cannot be served,
resulting in a lower CSR.

When we consider the rural environment, Fig. 8(b) shows
that for all scenarios the CSR fluctuates around an equilibrium
value after 5 minutes. The explanation for this is that the rural
environment corresponds to a coverage-limited setting. This
means that a failing site results in areas without coverage, but
also that UEs in areas around these coverage holes have a bad
signal strength, and thus when admitted require large amounts
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Fig. 8. CSR over time measured over 5-minute time windows. (a) Urban environment. (b) Rural environment.

of the available resources. As we see in Fig. 1(b), these areas
without coverage, and thus also areas where UEs need a large
fraction of resources, are more prominent close to the failing
site. Therefore, a drone positioned above the failing site already
improves the CSR significantly, and turns out to leave little room
for further improvements.

Although the presented results are for CM 7, the other CMs
except 2 and 5 (which had bad performance as indicated in
Table III) show similar behavior.

C. Moving Hotspots

So far we have only considered static hotspots. However in
an emergency situation hotspots may move, for example when a
crowd tries to get away from the impacted area. In these kinds of
situations, it is important for our algorithm to keep adjusting the
drone position to serve as many UEs as possible. As we have seen
in Section VIII-B, the position of the drone is most important
in the urban setting, when there is a high traffic intensity in the
hotspot. Therefore, we will focus on the urban environment,
where we have a hotspot moving i) counterclockwise in a circle
around the failing site, ii) back and forth in a straight line through
the failing site at two different angles relative to the azimuth
directions of the failing site, where at the end of the line the
hotspot stops for a short period before it starts moving in the
opposite direction. These movement patterns are illustrated in
Fig. 9. For the hotspot we assumed a speed of 1 km/h. Note
that these movement patterns are not necessarily realistic, but
serve to test the responsiveness and tracking capabilities of the
algorithm.

To illustrate that the drone is able to follow the hotspot,
Figs. 10–12 plot the distance to the failing site along the x
and y-axis for the three movement patterns when ρ = 8 for five
simulation runs. We expect that the drone follows the hotspot
closely as it has a high traffic intensity, meaning that the CSR
benefits when the drone serves the users in the hotspot. In these
figures, time 0 indicates the moment that the drone is activated

Fig. 9. Illustration of the different movement patterns (cyan, green and blue)
of the hotspot, in relation to the failing site and still operational sites.

above the failing site and we see that the drone is able to find and
follow the movement of the hotspot. However, we also notice
that the drone always slightly lags behind the hotspot, which is
because the drone has to follow the hotspot and does in no way
predict the path of the hotspot. Furthermore, Figs. 11 and 12
show that the y-coordinate does not follow the hotspot to the
point furthest away from the failing site. This can be explained
by the fact that even for a hotspot with a high traffic intensity, it
may be better to move into the direction of the hotspot, but not
right above it, as we have also seen in Fig. 2(b).

Furthermore, we observe in Figs. 10–12 that the drone follows
slightly different trajectories for the various simulation runs,
which is caused by the different user dynamics in each of
the simulation runs. Moreover, as in all simulation runs (of
the same scenario) the drone follows a similar trajectory, we
conclude that the proposed algorithm is able to adapt to changing
environments.

Similarly to the analysis of the convergence time, the pre-
sented results are for CM 7, with the other CMs except 2 and 5
(which had bad performance as indicated in Table III) showing
similar behavior.
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Fig. 10. Circular movement of hotspot (cyan circle in Fig. 9). (a) Distance to failing site along x-axis. (b) Distance to failing site along y-axis.

Fig. 11. Line movement of hotspot off azimuth direction (blue line in Fig. 9). (a) Distance to failing site along x-axis. (b) Distance to failing site along y-axis.

Fig. 12. Line movement of hotspot along azimuth direction (green line in Fig. 9). (a) Distance to failing site along x-axis. (b) Distance to failing site along y-axis.
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IX. CONCLUSION

In this paper we have proposed and evaluated a data-driven al-
gorithm for steering a drone base station in order to optimize the
CSR in a scenario with a failing site and emergence of a hotspot.
To adjust the drone position, our algorithm leverages real-time
measurable data in an online manner, and does not require pre-
deployment training or knowledge of the propagation environ-
ment, antenna features, location of the hotspot or traffic density.

Our algorithm significantly improves the CSR compared to a
setting without a drone, but also when compared to the algorithm
of [22] even though our algorithm only adjusts the x and y-
coordinates and not the altitude or a cell selection bias as these
turned out to have a small impact. Moreover, our algorithm is
able to find a near-optimal position within a fairly short amount
of time. In addition we demonstrated that our algorithm has the
ability to track the optimal position in case of a moving hotspot.

In future research it would be interesting to investigate settings
with a broader range of traffic types, where the generic choice
of the control metric might prove beneficial. Further topics like
deployment algorithms for multiple drones in this scenario or the
use of cell outage compensation would be interesting subjects
for future research as well.
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