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Abstract: 'The rising number of technological advanced devices
making network coverage planning very challenging tasks for net-
work operators. The transmission quality between the transmitter
and the end users has to be optimum for the best performance out
of any device. Besides, the presence of coverage hole is also an on-
going issue for operators which cannot be ignored throughout the
whole operational stage. Any coverage hole in network operators’
coverage region will hamper the communication applications and
degrade the reputation of the operator’s services. Presently, there
are techniques to detect coverage holes such as drive test or mini-
mization of drive test. However, these approaches have many lim-
itations. The extreme costs, outdated information about the radio
environment and high time consumption do not allow to meet the
requirement competently. To overcome these problems, we take ad-
vantage of Unmanned aerial vehicle (UAV) and Q-learning to au-
tonomously detect coverage hole in a given area and then deploy
UAYV based base station (UAV-BS) by considering wireless back-
haul with the core network and users demand. This machine learn-
ing mechanism will help the UAV to eliminate human-in-the-loop
(HiTL) model. Later, we formulate an optimisation problem for 3D
UAV-BS placement at various angular positions to maximise the
number of users associated with the UAV-BS. In summary, we have
illustrated a cost-effective as well as time saving approach of de-
tecting coverage hole and providing on-demand coverage in this
article.

Index Terms: 6G, Autonomous coverage hole detection, minimiza-
tion of drive test (MDT), Q-learning, UAV-BS, unmanned aerial
vehicle (UAV), wireless backhaul.

I. INTRODUCTION

ECHNOLOGICAL advancement and transformation are

taking place in every sector of our daily life. One of the
sparkling examples of such advancement can be given as to-
day’s diverse communication services to offer global connec-
tivity. These services can be mentioned as human-centric (e.g.,
mobile devices and complex applications), machine to machine
(e.g., autonomous vehicles, artificial intelligence based ma-
chines) and human to machine (e.g., telesurgery, immersive vir-
tual reality and so on) [1]. As a consequence, the next gener-
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ation self-organizing networks (SON) such as sixth generation
(6G) need to provide more extensive coverage with high capac-
ity while maintaining low latency everywhere [2].

In favour of providing optimal communication services to the
technologically advanced end users, network operators must en-
sure that there is no coverage hole or poor services. Densifica-
tion of the base station (BS) is a crucial part of coverage plan-
ning for 6G cellular networks. The densification of the BS is
not very straight forward for the network operators as there are
many environmental situations or many complex parameters ex-
ist. Operators also need to identify where and how to densify
while utilising the best of their resources [3]. Any coverage hole
will hamper the services to the end users as well as the repu-
tation of the operators. Therefore, coverage holes cannot be ig-
nored from the deployment stage to the whole operational stage.

One of the major factors for developing coverage hole is the
current deployment methods. In the pre-deployment phase, the
mobile operators carry out the analysis of the potential traf-
fic and drive testing of the network sporadically. Consequently,
as the infrastructure evolves over time, it faces blockages due
to obstacles or many other factors. As a result, the propa-
gated signal deteriorates which leads to very poor received sig-
nal. Moreover, the modern cellular networks have very complex
design space, densification, agile frequency reuse, split func-
tional planes etc. Therefore, manual and blind adaptation of
parameters is difficult warranting self-x features such as self-
configuration and diagnostics.

A convenient solution for these concerns can be the utilisa-
tion of the mobile robotic platforms. These platforms have be-
come less expensive and can be employed for periodic moni-
toring of infrastructure. They can also augment existing infras-
tructure to temporally alleviate severe coverage and capacity is-
sues. Unmanned aerial vehicle (UAV) is a sparkling example of
mobile robotic platforms. UAV or commonly known as drones,
has many advantages to offer for instance high mobility (it can
reach anywhere), provide low cost, and flexibility. They are pri-
marily used for military surveillance which now can be used
by the public for many applications, for example, medical sup-
plies, rescue operations, forest fire detection, emergency search,
weather monitoring, communication relaying, and so forth [4],
[5]. Another advantage of this versatile UAV can be added as as-
sisting to detect coverage hole for the next-generation 6G cellu-
lar networks. Consequently, this work focuses on coverage hole
detection and providing temporary on-demand coverage by de-
ploying UAV based base station (UAV-BS).
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Fig. 1. Graphical representation of UAV detecting coverage hole and serving user as a UAV-BS after discovering the coverage hole.

A. Background

While current cellular networks have envisioned exponential
proliferation, several suburban and rural areas still lack connec-
tivity. The Scottish Government and Scottish Futures Trust are
working together in order to develop the Scottish 4G Infill Pro-
gramme [6]. The main objective of the project is to provide long
term evolution (LTE) infrastructure and services to around 50-
60 complete coverage holes in Scotland. Germany’s 4G cover-
age is the worst in Europe [7] and ‘dead zones’ are showed by
mapping them [8]. In Japan, mobile operators have taken initia-
tive to cover the rural dead zones by 2024 [9].

The optimal communication services include secure connec-
tivity of data and voice. Such reliable key performance indica-
tor (KPI) requires ubiquitous coverage at a certain desired qual-
ity of service (QoS) level. Keeping this KPI in mind, the next-
generation cellular networks will face challenges to meet the
demand of current data-hungry services and applications. First,
the operators will need to find out where to deploy BS based on
the users’ activity and for businesses to generate revenue. Sec-
ond, the network will become more complex which will in-
crease the capital expenditure (CAPEX) and operating expen-
diture (OPEX). Sometimes the BS might not work efficiently or
breakdown due to many factors, for example, technical fault or
disaster. As a result, the coverage will become limited and cov-
erage hole will appear which lead to the degradation of QoS to
the end users.

Detecting a coverage hole is a crucial issue to maintain the
link reliability of a cell [10]. Classically, an expensive drive test
along with the propagation model is used to construct a radio
map in order to detect a coverage hole [11]. This radio map is
constructed intermittently and always not precise which leads to
more complexities such as increased OPEX. Therefore, the 3rd
generation partnership project (3GPP) introduced the minimiza-
tion of drive test (MDT) as a part of the SON to replace the drive
test [12]. In the MDT mechanism, the BS has access to the user
equipment (UE) measurement report which is called radio link
failure (RLF) report if there is any handover issues [13]. Thus,
it became easier than before to measure the network perfor-
mance. Having said that, this report has few limitations such
as UEs are unable to give an immediate report at all the time
and UE may not provide accurate geographical location due to
many factors such as blockages [14], [15]. Besides, the report
may be inaccurate or outdated. Another important challenge can
be mentioned as external intervention on UE operation. Lim-
ited UE battery power, location services may not be available

at all times which are managed by the users or even the users
might not give consent to the operators to collect information
from the devices according to general data protection regulation
(GDPR).

In these circumstances, autonomous mobile platforms such
as quadcopters or UAVs can assist in detecting coverage holes
very efficiently and cost-effectively. Such platforms can be ex-
ploited (subject to flying regulations) to assist autonomous net-
work drive testing. The machine learning algorithms will make
the platform autonomous where reinforcement learning (RL)
will help the platforms to operate under any unknown environ-
ment. After detecting the coverage hole, the network operators
will decide whether to deploy a fixed BS or to deploy a UAV-BS
for temporary on-demand coverage depending on the users’ ac-
tivity. Furthermore, the operators will have the opportunity to
find the optimal place to provide coverage with the best KPIs
such as user demand and wireless backhaul.

Being inspired by the above scenarios, we examined the cur-
rent research related to UAVs and coverage hole detection. As
the research of UAV is very trendy in recent years, we are go-
ing to mention some of them here which are related to our
work. The authors in [11] proposed a deterministic propagation
model with coverage hole detection algorithm by constructing a
radio map. However, the map may not be accurate as few num-
bers of RLF report has been considered. The authors in [12] have
proposed an automated coverage hole detection technique by
constructing a radio environment map with the help of many re-
ports and measurements which is very time consuming. A path-
loss model has been created to detect coverage hole in high alti-
tude and tested with the help of UAV measurement data in [15],
but UAV has not been utilised to detect any coverage hole. An-
other related research has been carried out in [16] where authors
proposed the use of RL (SARSA) with the aid of value func-
tion approximation (VFA) to provide coverage and capacity and
compared the result of using of Q-Learning and SARSA. How-
ever, the results were not differed much as well as there was no
planning of UAV navigation. The authors in [17]-[21] have pre-
sented the work based on the autonomous navigation of UAVs
but not considered to use UAV as a user to detect the mobile
signal strength. Additionally, the authors in [22]-[29] have dis-
cussed about the efficient 3D aerial BS placement while con-
sidering several UAVs, backhaul, an optical link, users’ mobil-
ity, millimeter wave (mmWave) and energy constraints with or
without machine learning algorithm. Despite all these recent re-
search, UAVs have not been utilised with RL for coverage hole
detection. Hence, this article is the first in addressing coverage
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hole detection with a combination of RL and UAV, to the best
of the authors’ knowledge.

B. Our Contributions

The main contribution of this article is in two folds:

« We exploit the RL as a trajectory planner to detect coverage
hole efficiently. Here, the RL is a suitable approach as the
environment is unknown to the UAV completely. UAV will
be able to learn and detect coverage hole autonomously
from the start position. After finding the coverage hole, the
UAV will also determine the available wireless backhaul
data rate in several angular positions based on heights.

« We present an efficient deployment of on-demand UAV-BS
to serve the maximum numbers of users under its coverage
area. The similar UAV will work as a flying BS or UAV-BS
and it will place itself in an optimal position from the avail-
able information (i.e., backhaul data rate, bandwidth) to
Serve users.

The rest of the article is organized as follows. In Section II, the
problem formulation and system model is presented. Then, we
discuss our proposed method in Section III. Section IV discusses
the simulation results. In the end, we conclude in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Coverage hole forms when the signal-to-interference-plus-
noise ratio (SINR) from any cell or neighbour cell of an
area falls below a threshold level required to maintain stan-
dard QoS. It can be mathematically defined as area A =
x in R? where SINR(z) < 7. This phenomenon occurs for
many reasons for example, attenuation due to enormous phys-
ical obstacles (such as hills, large buildings) while signal prop-
agates, improper antenna parameters, fault in hardware or im-
proper RF planning [30]. Therefore, when a UE enters into a
coverage hole of recent technology with no legacy technology
[2G/3G/4G/5G], the user may experience call drop and poor
communication services. Alternatively, the UE might experi-
ence an audio gap or insufficient service because of the bad air
interface. On the other hand, if the UE enters into a coverage
hole with legacy technology, then the user will have negative
experiences for example, low speed or low latency [31].

In this article, we consider the downlink of the mobile net-
work that serves a range of users distributed in a suburban ge-
ographical area with a set of macro BSs distributed according
spatial Poisson Point Process. All the BSs use the same fre-
quency with omnidirectional antennas. Small cell BSs has not
been taken into consideration as suburban/rural areas are mainly
covered with macro BS. This network deployment scenario has
one UAV which will act as a user in order to detect the cover-
age hole. The user association for load balancing in BS has been
ignored as we are detecting the coverage hole only. We have
considered two different path-loss models for our system model
for two scenarios. They are discussed below.

A. Cellular to UAV Path-loss Model

Cellular to UAV path-loss model is required in order to calcu-
late the received signal from BS to various UAV positions which
will assist to detect coverage hole and to determine available
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data rate. Typical terrestrial path-loss models are incompatible
for airborne systems [32]. In many cases, airborne coverage ap-
pears to be better than terrestrial coverage [33]. Hence, an acces-
sible path-loss model dependent on the depression angles has
been considered. In this model, there is an excess path-loss in
addition to terrestrial path-loss. So, the path-loss PL from the
serving BS to UAV can be expressed according to [33] as:

9&)
B ()

In above expression, d is the 3-D terrestrial distance from
BS with height hps and UAV with height Ay a4y can be
written as d = \/l2 + (hps — hyav)?. Here, [ is the 2-D
ground distance between the UAV at position (zyav,yuav)
and BS at position (zps,yps) can be written as [ =
\/(IUAV —zps)?+ (yuav — yps)?. The parameter cvyerr is
the path-loss exponent depends on propagation environment
such as urban, suburban, rural. The depression angle 6 can
be calculated as § = arctan (M with the esti-
mation range {—3°,10°}, N(0, ab+0,) is an angle depen-
dent standard deviation serving as the shadowing component
with fitting parameters a and o,. All the fitting parameters
(A4, B, 0,,n,, a, 0,) can be found on the Table 1. The same path-
loss model also applies for the received signal from interfering
BS to UAV. It is important to note that the authors in [33] dis-
carded any aerial measurements below 5 m as it follows terres-
trial propagation solely. Therefore, the terrestrial path-loss or
log-distance path-loss model has been considered while detect-
ing coverage hole at user height. Other than that, the expression
(1) has been taken into account for any cellular to UAV propa-
gation above 5 m.

PL(d,0) =100terr log(d) + A0 — 6,) exp <—

+ 10 + N(0,a0 + a,). [dB]

B. Air-to-ground Path-loss Model

For the UAV to operate as UAV-BS for any coverage hole,
we need to consider an air-to-ground path-loss model. Such
path-loss model is required because the propagation character-
istics from UAV-BS to ground users are different than cellu-
lar to UAV. There are several numbers of air to ground path-
loss model has been studied. We have adopted one of the path-
loss models which have been presented in [34] and [35]. In
that study, there are two major propagation types which are
line-of-sight (LoS) receivers and non-line-of-sight (NLoS) re-
ceivers. The probability of LoS path-loss model is dependent on
the environment (i.e., urban, suburban, rural and so on.) and can
be formulated according to [34] and [35] as follows:

1
1+ dexp(—£(2E9) g —v)’

P(LoS) = [dB] (2

where 9 and & are the constant values which depends on
the environment and ¢ is the the elevation angle equiva-
lent to arctan(hyav/I) where hyay and I parameters rep-
resent the altitude of a UAV-BS ranging from 30 m to
1000 m and its horizontal distance from the UE, respec-
tively. This horizontal distance can be calculated as I =
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\/(xUE —2pav)?+ (Yyur —yuav)? in a Cartesian coordi-
nate system. Also, this model overlooks the shadowing and
presents the average path-loss as:

1
drc f.d,
PL(dB) = 10log (”i) 4+ P(LoS)Los+P(NLoS) 0y Lo

3
the first term of (3) denotes free space path-loss (FSPL) as
per Friis equation that depends on carrier frequency f., speed
of light ¢, path-loss exponent J and the distance d, between
the UAV-BS and UE, where ds = \/h? 4y + I%. The con-
stants 7)1,,s and 7nr.s denotes the average further losses for
LoS and NLoS connections, respectively and P(NLoS) = 1 —
P(LoS). The parameters in (3) are dependent on the environ-
ment.

C. Coverage Hole Detection and Optimisation Problems

Based on the cellular to UAV path-loss model (1), we can cal-
culate the received power and SINR at (zy Av, yu av ) from [36]
when the serving cell is a macro BS:

bk
Pro + N’

SINR; ;, = [dB] )

M
m=1,m%1
where P/} = P/ — PL(d,0), P/} represents received signal
power from i-th serving BS on subcarrier k at the UAV at any
position (zyAv, YU Av )s Pf‘}‘; refers to the transmit signal power
of i-th serving BS on subcarrier k and PL(d,#) denotes path
loss (PL) between the BS and UAV at any given position. Ad-
ditionally, an\f:l’m 2i Pryy, represents the sum of the individ-
ual interfering signal power received from interfering BS at the
UAV at any given position. It is to be pointed out that the chan-
nel gain has been ignored here. Variable N implies thermal noise
power. SINR level more than 7 dB is assumed as fair to excel-
lent signal, but the SINR level below 7 dB is considered as weak
signal and may cause a coverage hole [37].

Once the coverage hole is detected, an efficient angular place
is required for the UAV to work as UAV-BS. Therefore, let
us consider the transmission of UE data between the UE and
BS via UAV-BS. We consider a stochastic geometry approach
for users distributed in a spatial Poisson process in a square
area where the coverage hole exists. The users are running dif-
ferent applications that require different data rates and band-
widths. There are several limitations while associating UE with
BS via UAV-BS. The wireless link running from the BS to the
UAV-BS limits the maximum data rate at different depression
angles. Hence, we have a different wireless backhaul data rate
of R; Mbps in that position:

Nuger

i=1

The rate R; can be calculated according to Shannon-Hartley
theorem in above equation which is R; = B xlog,(1+SINR,; )
where B is the total available bandwidth at UAV. Also, Ny de-
notes the total number of users that are in the coverage hole area,
r; represents the data rate required by the user and Z; denotes
the user indicator function which is defined as:

&)
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if user ¢ is connected with UAV-BS
otherwise.

1,

Z; = { 0. (6)

Another restriction can be mentioned as the bandwidth. It is
formulated as follows:

Nuser
Z b; - Z; < B,
i=1
where b; stands for the bandwidth required by the i-th UE which
can be calculated as b; = r;/v; where v; = log,(1 4+ SINR ;)
denotes the spectral efficiency and SINR . denotes SINR ratio
at ¢-th UE when UAV-BS is serving.
We also had to identify that a user is in the coverage of the
UAV-BS if its satisfy the QoS requirement. It is formulated as:

®)

where path-loss PL; is the path-loss from UAV-BS to user ¢
and P Ly, is the maximum path-loss that is allowed before the
user ¢ falls out of the coverage. By considering all the above
mentioned limitations, we formulate the problem as follows:

(N

PL’L Zz S PLmaXa

max Z;, ©)
0.(2:} =
subject to:
Nuser
> ri-Zi <R, (10)
=1
Nuser
> bi-Zi < B, (11
i=1
PL; - Z;j < PLax, Vi, (12)
9min S 0 S emaxa (13)
Nuser
> Zi < Ly, (14)
=1

where 6 are the 3D coordinates of the UAV-BS placement. The
parameters 6, and 6,,« are the range of the depression angle
of UAV-BS from the BS. Also, constraint (14) indicates that the
UAV-BS can maintain the highest number link of L,, with users
which is more specifically the capacity of the UAV-BS.

[II. PROPOSED METHODS

This section presents the concept of using RL to detect cov-
erage hole and then optimise service to the users.

A. Autonomous Coverage Hole Detection Algorithm

Based on the above scenario to detect coverage hole, we em-
ploy the RL in an UAV to utilise at it best. In RL, an agent or a
system is given an environment to explore and to learn by itself
while taking actions in different states with the association of
a reward mechanism [38]. Reward mechanism determines how
good or bad the action is. The main target for the agent is to col-
lect the maximum reward.
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Algorithm 1 Coverage hole discovery and UAV-BS placement

Input: Distributed BS, UAV as a user, Nyser, B, R;, PL;, 5, b;

Output: S(Z‘UA\/, yUAv), 0, Z;

1:  for episode=1 to maximum episodes do

2: Initialize (S, A) equivalent to the calculated
Q(S,A) from the recent operating session [S=State

(rvav,yuvav), A=Action]
for step=1 to maximum steps do

W

4: Choose A from S using policy derived from Q (e.g.,
e-greedy)

5: Take action A (move up, down, left, right and Calcu-
late PL, SINR)

6: Observe reward I' (Compare the value with threshold
value of SINR to get reward)

7: if reward I'=1 then

8: Calculate R; at fixed B in terms of different § at .S

to find optimal place
o: Initialize: Z,=0
10: Step 1:

for i=1 to Ny, do

Make a list of users who satisfied PL; as PL; <
P L. criteria

13: Out of the list, accept association request in UAV-
BS such that min (b; + ;)

14: end for

15: Step 2:

16: Initialize counters: C,=0, Cp=0, Cf,,,

17: while C,, < R;and C, < Band Cr, < L,, do

18: Find user ¢ with min(b; + r;)

19: ifC’b—l—bigBandCT—krigRiandCLNgLn
then

20: Update A = A+1,C,. = Cr+r;, Cp, = Cp+b;,

CLn = CLN +1

21: end if

22: end while

23: else

24: Move to the next state S’

25: end if

26: Update Q(S,A) — Q(S,A) + o' +

ymaxa Q(S’, A") — Q(S, A)]

27: S+ S

28: end for

29: end for

The sensible algorithm we employ here is called Q-Learning
for a model-free environment where ‘Q’ stands for qual-
ity [38], [39]. This part of the algorithm is to find the 2D or
(zvav,yuay) position by maximizing the reward. The Q in-
formation table for this problem has the following factors:

Q(Sa A) <~ Q(S> A)+QQ Ft+1+7max Q/(S/7A/)7Q(S’ A)

(15)
where S and S are the state of the agent as well as A and A’ are
the available actions that the agent picks at time ¢ and ¢ + 1 re-
spectively. Again, o is the learning rate at (0 < ag < 1) that
decreases across the learning trials for the convergence of the
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Fig. 2. Coverage hole detection simulation exploiting RL.

process. The discount factor y at (0 < v < 1) defines the pre-
cision and speed of the convergence of the process. This algo-
rithm also requires an epsilon-greedy policy which is a method
of selecting random actions with uniform distribution for a set
of available actions by picking exploration or exploitation strat-
egy. In the exploration learning process, the agent can ignore the
successful results at the local level. On the other hand, exploita-
tion takes place when the agent performs the best actions on the
basis of its knowledge [40].

A graphical illustration of our proposed method is presented
in Fig. 1. We select an area of 15 kmX 15 km and then create a
20x20 grid on top of the area. The grid size can be changed for
more accurate results if required. In Fig. 2, a snapshot from our
simulator is provided. Here, circles graphically represent the BS,
the UAV is shown as rectangle and the coverage hole is depicted
with the aid of white rectangle. An UAV takes off from to top left
corner which is the initial point (home) of the UAV. The initial
point can be set in anywhere in the scenario as per requirement.

In each episode of the task, the UAV will start from the ini-
tial point and then traversing across the grid randomly by tak-
ing actions (left, right, up and down) depending on the epsilon
greedy policy in Q-learning and calculate the SINR and SINR
related parameters. The SINR value serves as an input to the re-
ward mechanism. The search continues until the UAV finds a
reward. If it gets any positive reward which is ‘1’ in our case, it
will mark that area as a white rectangle and stores the coordinate
of that place. This marked white rectangle will indicate the de-
tected coverage hole where the UAV will act as UAV-BS in order
to provide coverage. Another episode will start after following
the Q-table update method that will do the same operation. Al-
gorithm 1 explains all these steps that are taken by the UAV. It
should be pointed out that the algorithm will converge to an op-
timal policy over the iterations which will allow to achieve the
reward in the shortest path. This shortest path will contribute to
energy savings.

B. UAV-BS and User Association Optimisation Algorithm

Here, the algorithm we propose for optimisation is a cen-
tralised solution to find the best 3D placement of a UAV-BS. In
this algorithm, UAV-BS will be deployed in different frequency
as an on-demand basis and serve the maximum users under its
coverage. The algorithm is divided into four steps where it con-
siders some constraints to optimise the problem in every step.
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Fig. 3. Heatmap at height 1.5 m.

1. Every user has to be covered by the UAV-BS and therefore,
the user must tolerate the maximum path-loss before going
outage. At this step, the algorithm considers the constraint
(12). Then, UAV-BS receives a number of association re-
quests from the users ¢ which are in the coverage region of
the UAV-BS. The UAV-BS will check by changing 6 with
the maximum number of association requests until it is full
of capacity.

2. The UAV-BS selects the maximum number of L,, associa-
tion requests out of all the requests by meeting constraint
(14). The criteria of the selection is the minimum sum of
data rate r; and bandwidth b; which will assist to serve
maximum number of users according to constraint (9) (10)
and (11). Therefore, the UAV-BS needs to select the users
based on min(r; +b;) and then the next user in higher or as-
cending (r; + b;) out of the association request list L,,. The
UAV-BS monitor the number of links and associated data
rate and bandwidth using counters Cy, , C, and Cp, respec-
tively. In addition, UAV-BS ensure that it stays in the max-
imum available data rate, bandwidth limit and links and
meets the criteria of constraints (10), (11) and (14) (i.e.,
Cr+1r, <R;, Cp+b; < B and CL" + 1 < L,,) before
associating the users ¢ with UAV-BS. After association,
all the counters need to be updated. This process will com-
plete if the UAV-BS reaches the maximum number of links
or maximum available data rate or bandwidth.

3. In this step, if the UAV-BS receives new association re-
quests and if it has more capacity to serve users, then it will
check the list of available wireless backhaul data rate R; in
different 6 and then move accordingly to that 6 if possible.

4. This process comes into place only that time when the
wireless backhaul data rate R; or available bandwidth B
limit is reached, UAV-BS is in the @ where the maximum
data rate and a new request for association take place (i.e.,
C, = R;, Cy = B, CL, < Ly). So, the UAV-BS disso-
ciates some of the users with the maximum data rate and
bandwidth after comparing the new required data rate and
bandwidth with the maximum one. If the new data rate and
bandwidth are lower, then it completes the association with
a new user. In this way, more users can be associated com-
fortably.

The algorithm provides an effective solution to the optimisa-

tion problem in (9). All these steps are summarized in the Algo-
rithm 1.

IV. SIMULATION AND DISCUSSIONS

In this section, we discuss the simulation results which were
created in the python platform to provide a clear understanding
of the concept. An open suburban area was taken into considera-
tion for the set up. Three BSs were deployed in the system as per
the system model. The UAV had four actions to take for moving
at a constant height- left, right, up (front) and down (back). Be-
sides, the UAV has changeable heights (h; 41/) considering var-
ious values in particular 1.5 m, 30 m, 60 m, 90 m, 120 m, 360
m, 500 m and 1000 m. User height which is hy 4y =1.5 m is
considered for detecting coverage hole only. Rest of the values
are considered as the heights of the UAV-BS while providing
coverage. The reward was defined as ‘+1’° for any discovery of
the coverage hole which means that the SINR value less than 7
dB. Otherwise, it is defined as zero.

Fig. 2 shows simulation of the scenario and Fig. 3 is the SINR
heatmap of the environment after deploying the BSs. It has been
mentioned before that the MDT has several limitations such as
unreliable data, longer time to create database, external interven-
tion and so on. Instead, our methods provides a faster coverage
hole detection compared to MDT. The prime reason behind this
efficiency is the independent mobility and data collection of the
UAV. The result of MDT is entirely dependent on the parame-
ters of UEs. If the users are not scattered evenly in a given area,
the network operator will end up creating a coverage map where
the users are mostly located. Hence, it will not give an accurate
picture of the complete coverage as the users are not going to
every place. In some cases, the users may not want to share the
parameters with network operators which will eventually create
more issues. UAV with RL are free from all these complications
which are providing better results to help in network planning
and maintaining.

The simulation for UAV when acting as UAV-BS to provide
coverage has also been carried out. To simulate, users are dis-
tributed randomly using a spatial Poisson Process in a coverage
hole square area where the density A=500 per unit of time and
the UAV will cover from the center region. The data rate is ran-
domly assigned to users starting from 0.1 to 10 Mbps. Finally,
the necessary parameters have been passed to the algorithm to
figure out the utmost association between UAV-BS and users
utilising the optimisation problem presented in (9). Fig. 4 rep-
resents the scenario of UAV-BS and users association. As the
scenario may change from time to time, we have considered 100
scenarios and figured out the average to get the optimum results.

Fig. 5 plots the average number of users served in random, as-
cending and descending data rates (required data rates are sorted
in ascending and descending order) after averaging out 100 sce-
narios. For all the scenarios, the random data rate has been con-
sidered with random spatial Poisson distribution while keeping
the other parameters same such as different wireless backhaul
data rates at various depression angles. It can be seen from the
plotted bar chart that the highest number of users can be accom-
modated in UAV-BS while serving the users in their required
ascending data rate. Our result considers the constraints (10)
and (11) when associating the users with the UAV-BS and max-
imises the optimisation problem. The total available data rate in-
creases when the depression angle (6) is in a certain range then
it drops. It is occurring because there is a downward tilt in the
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Fig. 4. Users association in different data rates order: (a) Users association in random order data rates, (b) users association in ascending order data rates, and (c)

users association in descending order data rates.

Table 1. Simulation parameters.

Parameter Symbol Value
Simulation environment - suburban
Environment parameters 9, &, NLoss INLos | 4.88,0.43,0.1, 21
LTE frequency band - 850 MHz
Bandwidth B 15 MHz
Transmission power - 43 dBm
Terrestrial path-loss exponent Qlterr 3.04
Excess path-loss scaler A -23.29
Excess path-loss offset No 20.70
Angle offset 0, -3.61
Angle scalar B 4.14
UAV shadowing slope a -0.41
UAV shadowing offset 0o 5.86
UAV learning rate aQ 0.01
Discount factor vy 0.9
UAV-BS frequency fe 2 GHz
UAV-BS transmission power - 37 dBm

antenna placement. In our results, the depression angle 6 varies
between {0.0023°, 4.44°} for heights from 1.5 m to 1000 m with
the coverage hole distance of more than 12 km from the nearest
BS. More variations can be expected in the served number of
users if the coverage hole is nearer to the BS, e.g., in the case of
medium coverage BS with low transmission power [41]. It will
happen because of the sharper changes in the depression angle
6 which may contribute either lower or higher path-loss over
wireless backhaul. Another point is that the aerial coverage out-
performs the terrestrial coverage in some cases. There are many
factors associated for this better aerial coverage such as more
LoS probability, decay in the path-loss exponent and shadowing
effect [32]. It was also noticed but not shown in the article that
the number of associated users increases in ascending data rate
while the number of total users increases but stay in the limit of
the UAV-BS capacity.

In Fig. 6, cumulative distribution function (CDF) of the re-
quired data rate by the served users can be found. The CDF
curve of the ascending order data rate is above the random and
descending order data rate. Therefore, the probability is higher
for serving users with the low data rates while maximizing the
number of users in the coverage of UAV-BS.

Data rate (Mbps)
v > Ul
N i N 9 4 4

1 ZZ2 Random
=1 Ascending
1 =3 Descending

Number of users served
e

v N o N O g

S o & v o u

N}
o

o

90 120 360 500 1000
Height (m)

Fig. 5. Number of users served in various wireless backhaul data rate.

V. CONCLUSIONS

In this article, we present an effective way to find out the cov-
erage hole using convenient tools. The result shows that the so-
lution has been successful in detecting a coverage hole when
running for a duration of time. Network operators do not have
to wait for the report from any UE or person. This process is
time convenient and can be a part of the 6G networks. Once the
coverage hole is detected, the UAV itself can turn into UAV-BS
on the coverage hole and serve maximum users by placing in
the optimal place while considering different wireless backhaul
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rates at a various depression angle of the UAV with respect to
BS. Here, we presented the algorithm in a combination with de-
tecting coverage hole and placing the UAV-BS in the optimal
position which can be implemented realistically. The further ex-
tension of this work could be traffic analysis for mobile coverage
planning and collision avoidance by detecting objects. Another
essential future work can be added as deploying airborne net-
work if the traffic is quite high. For that scenario, we can detect
a coverage hole by using a single UAV. The UAV will collect
the coordinate of the start point and end point. Then, the air-
borne network can use the Markov decision process (MDP) to
reach the destination by calculating the shortest path using the
start point and end point which is the coordinate of the coverage
hole.
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