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Chapter

Optimal Unmanned Aerial Vehicle
Control and Designs for Load
Balancing in Intelligent Wireless
Communication Systems

Abhishek Mondal, Deepak Mishra, Ganesh Prasad
and Ashraf Hossain

Abstract

Maintaining reliable wireless connectivity is essential for the continuing growth of
mobile devices and their massive access to the Internet of Things (IoT). However,
terrestrial cellular networks often fail to meet their required quality of service (QoS)
demand because of the limited spectrum capacity. Although the deployment of more
base stations (BSs) in a concerned area is costly and requires regular maintenance.
Alternatively, unmanned aerial vehicles (UAVs) could be a potential solution due to
their ability of on-demand coverage and the high likelihood of strong line-of-sight
(LoS) communication links. Therefore, this chapter focuses on a UAV’s deployment
and movement design that supports existing BSs by reducing data traffic load and
providing reliable wireless communication. Specifically, we design UAV’s deployment
and trajectory under an efficient resource allocation strategy, i.e., assigning devices’
association indicators and transmitting power to maximize overall system’s through-
put and minimize the total energy consumption of all devices. For these
implementations, we adopt reinforcement learning framework because it does not
require all information about the system environment. The proposed methodology
finds optimal policy using the Markov decision process, exploiting the previous envi-
ronment interactions. Our proposed technique significantly improves the system’s
performance compared to the other benchmark schemes.

Keywords: unmanned aerial vehicle, reinforcement learning, energy efficiency,
offloading, throughput

1. Introduction
With the proliferation of mobile electronic devices, such as smartphones, tablets,

and more internet of things (IoT) gadgets, the need for high-speed wireless connec-
tivity has been growing rapidly [1]. But, the existing cellular networks with limited
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spectrum, coverage, and energy capacity fail to satisfy users’ quality of service (QoS)
requirements. Hence, the next generation 5G technologies, such as device-to-device
(D2D) communications, ultra-dense small cell networks, and millimeter wave
(mmW) communications, are emerging as potential alternatives to deal with such
issues [2, 3]. However, these modern 5G cellular networks face several challenges due
to resource allocation, backhaul interferences, high reliance on the line of sight (LoS)
link, and signal blockage. On the other hand, integration of unmanned aerial vehicles
(UAVs) into the fifth-generation (5G) and sixth-generation (6G) cellular networks as
aerial base stations would be a promising aspect to achieve several goals, namely
ubiquitous accessibility, robust navigation, ease of monitoring and management, etc.,
because they can establish LoS dominant air to ground channel in a controllable
manner [4]. Notably, cellular-connected UAV-assisted system gains significant per-
formance improvement over the existing point-to-point UAV-ground communication
in terms of coverage and throughput [5]. UAV also offload temporary high-traffic
demands from terrestrial BSs during huge crowd events such as festivals, concerts,
and stadium games [6]. Therefore, UAVS’ utility in the cellular network is directly
related to the highest number of serving users. Nevertheless, many challenges related
to the utilization of UAVs need to be addressed, including their deployment strategy,
trajectory optimization, and resource allocation under flight time limitations which
affect instantaneous LoS probability and remarkably influence the system perfor-
mance.

The relevant studies [7-10] optimized the trajectory and deployment of UAVs in
different circumstances. However, most of them incorporate nonlinear algorithms
that rely on average spatial throughput. Thus, computational complexity grows rap-
idly with the higher number of users and flight time. Moreover, practically without
prior knowledge about the network state, it becomes very difficult for a UAV to find
its path to accomplish a given real-time task. Alternatively, machine learning (ML)
techniques [11-13] intelligently support UAVs and ground users in performing
mission-oriented operations with low complexity when complete network informa-
tion is not available. Particularly, reinforcement learning (RL), being a part of ML, can
search for the optimal policy through trial and error while interacting with the envi-
ronment [14]. Hence, this chapter investigates the optimal deployment, trajectory,
and resource allocation of UAVs to meet the throughput requirements of the cellular
network.

2. Background

The existing literature focuses on the deployment and movement of UAV relays
for numerous applications. In [15], the authors estimated the optimal UAV relay
position in a multi-rate communication system using theoretical and simulated analy-
sis. The work in [16] investigated the mission planning of UAV relays to improve the
connectivity of ground users. The authors of [17, 18] maximized the lower bound of
the uplink transmission rate over the link between UAV relay and ground devices
using dynamic heading adjusting approaches. For throughput maximization of the
mobile relaying system, an iterative algorithm was developed [19, 20], which jointly
optimized the relays’ trajectory and transmitting power of the sources and UAVs by
satisfying the practical constraints. In [21], the authors maximized the UAV relay
network’s throughput by optimizing transmit power, bandwidth, transmission rate,
and relay deployment. However, in these works, a model-based centralized approach
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is used where all necessary system parameters are required. Additionally, the research
gap still exists on enhancing network performance for source-destination device pair
communication. To overcome these shortcomings, Indu et al. [22] minimized the
energy consumption of UAV during its trajectory using genetic algorithm (GA). The
authors in [6] proposed two meta-heuristic algorithms, such as GA and particle swarm
optimization (PSO), to find the optimal UAV trajectory for satisfying users’ minimum
data rate requirements. They showed that PSO significantly improves the UAV’s
wireless coverage compared to GA. Although the meta-heuristic algorithms can deal
with the complexity of UAV path planning, there are still some challenges in
exchanging information between UAV and core network due to either unavailable
constraints or obtaining their gradient analytically.

Another line of research studied the mobility management of UAVs for resource
allocation and coverage optimization using RL techniques to deal with convergence
issues. Kawamoto et al. [23] have presented a resource allocation algorithm of UAV
using Q-learning techniques for allocating time slots and modulation schemes. The
work in [24] presented a framework for the optimal UAV trajectory under a given
data rate constraint, which relies on a state-action-reward-state-action (SARSA) algo-
rithm. Hu et al. [25] proposed a real-time sensing and transmission protocol in UAV-
aided cellular networks and designed optimal UAVS’ trajectories under limited spec-
trum resources using RL based on a Q-learning algorithm. Furthermore, the authors of
[26] transformed UAV trajectory optimization problem for maximizing cumulative
collected sensors’ data into a Markov decision process (MDP) and proposed two
stochastic modeling RL algorithms, namely Q-learning and SARSA, to learn UAV’s
policy. They proved that SARSA outperforms Q-learning due to the adaptive system’s
state update rule. From the state-of-the-art, the coupled relationship among UAV
trajectory, device association, and transmit power allocation of IoT devices for the
enhancement of network lifetime has not been investigated during the data collection
process of UAV-assisted IoT networks.

3. Channel characterization of UAV-operated communication system

This section proposes a multi-hop radio frequency and free space optical (RF-FSO)
communication framework that analytically optimizes the UAV’s altitude for perfor-
mance enhancement of a relaying system. Here, we minimize the outage probability
and symbol error rate based on independent and identically distributed statistical
parameters i.e., pointing errors, atmospheric turbulence, and scintillation.

3.1 Channel model

Consider a multi-hop hybrid RF-FSO system as shown in Figure 1, where single
antenna-equipped ground base stations realize periodic data exchange. Since there
are significant obstacles in the LoS path, direct link cannot be established between
them. Therefore, two UAVs are deployed at a certain altitude which are employed
as relays between the source and destination. These UAVs operate as RF and optical
link transceiver modules with single-directional apertures. Depending on various
environmental conditions, three different channels categorize the source-to-destina-
tion link, i.e., Ground to UAV (G2U), UAV to UAV (U2U), and UAV to Ground
(U2G) channels.
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Figure 1.
UAV-assisted multihop hybrid RF-FSO system.

3.1.1 G2U channel model

As ground to UAV channel consists of RF signals, experiencing small-scale fading
and large-scale path loss, the received symbol at UAV Uj can be estimated as [27],

Yu, = /Ps,u,\/as,uhs,u,Xs + nu, (1)

where, xs is the transmitted symbol of power Ps 1, ny, represents the additive
white Gaussian noise (AWGN) power of zero mean and variance Ny at Uy, kg y,

defines the channel gain of S-U; link and agsy, = Kg,UlL;E’lUl is path loss corresponding
to link distance Lg 1y, €s,y, denotes the path loss exponent and «s,y, is the
environment-dependent constant. As multipath components govern the S-U link,

therefore |hs,y,|> = y follows a non-central chi-square distribution, and its probability
density function (PDF) is given by [28],

Ksy, +1)e Ksun —(Ksy, + 1)t Ksy, + DKsy,
fl(t):( s, +1) exp {—( U )}xlo (2\/( suy + Vs t> )

Asu, Asu,

where Agy, = E { |hs,u, |2} = 1, is average fading power, E{.} denotes expectation

operator, Io(.) defines zero order modified Bessel function,Ks, g, = |ms,y,|* /20 is
Rician factor, mg,y, is the amplitude of LoS component and ¢? is average power of

multipath components. The instantaneous signal-to-noise ratio (SNR) received at
UAV U, is expressed as [29],

Ps,u,as,u +
>»YU1 Y1
Ysu, = X =Ysu,X (3)
Ny
. . 5 Psy,a
where, the average SNR is given as, Y5y, = — 3"

3.1.2 U2U channel model

UAV U, first receive the RF signal Yy,, then convert and encode it into the optical
signal and then forward it to UAV U, over FSO link. The received signal at UAV U,
can be obtained as [27]
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Yu, = ny,/Pu,v,hu,u,xu, + nu, (4)

where 7, is electrical to optical conversion coefficient of UAV Uy, xy,
indicates the converted and encoded optical symbol of power Py, v,, 7y, denotes
AWGN with zero mean and variance No at UAV Uy, and hy,,y, = h.h, is optical
channel coefficient depending on atmospheric turbulence-induced fading (4,) and
pointing errors (/,). The instantaneous SNR received at UAV U,, can be
expressed as [27]

2 2
’7U1PU1,Uth1,U2
No

(5)

Yu,u, =

Since the optical link between UAV U; and U, experience several atmospheric
turbulence and corresponding optical axis misalignment, the PDF of its instantaneous
SNR follows the variation of atmospheric turbulence and pointing errors, which can
be expressed as [30]

Frepen V) = sy G687
Yu,0, DT (a)l(p) 3 Yu,u,

where I' (.) is the Gamma function, a and f are scintillation parameters, ¢ is the
ratio between the equivalent beam radius and the misalignment displacement stan-

&41

(6)

&,a,

.o A1502 5 eee sl s oee 5 . .. . =
dard deviation at U, G <x| S| > is Meijer’s G function and Yy, iy, =
b bl 3 eee s e Mg

Py, u,ng, E{hy, y,}*/Ny is average electrical SNR.

3.1.3 U2G channel model

After receiving the optical signal Yy,, UAV U, first decodes and converts it to RF
signal and then forwards to the destination. Hence, the channel characterization is
similar as the G2U channel model, and the received signal at the destination can be
expressed as [27]

Yp = ny,/ Pu,,p\/au, phu, pxu, + np (7)

where 7y, is optical to electrical conversion coefficient of UAV U,, xy, denotes the
transmitted symbol of power Py, p, np defines AWGN of zero mean and variance No,
huy,,p is channel coefficient and ay, p is path loss attenuation factor. Instantaneous
SNR received at the destination is expressed as,

Yoo W%JZPUz,DaUz,D|hU2,D|2 o
UpD = No (8)

where Yy, p = 73, Pu,.pau,n/No is average SNR
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3.2 Performance metrics of multihop RF: FSO system
3.2.1 Outage probability

It is defined as the probability that instantaneous SNR is less than the minimum
required threshold level, Y. For decode and forward relaying mode, the equivalent
SNR at destination can be expressed as [27]

Ysp = min (Ysu,, Yu,,u,> Yu,,0) )
Cumulative distribution function (CDF) of equivalent SNR is expressed by,

FYS,D (Y) = PV(YS,D < Y) = PV( min (YS,Ula YUlyUz’ YUZ,D) < Y)

=1 {1=Fry, () {1 Frp, O {1 - Fr,, (1)} (10

where Fy,,, (Y), Fy,, ,, (Y) and Fy, ,(Y) are the CDF of Ys,u,, Yu,,u, and Yu,,n
respectively. The outage probability of the overall system is obtained in terms of Q1 (., .)
i.e., the first order Marcum Q function as [31]

Poy = Fyg,(Yy) = Pr(Ysp <Yy,)

=1-Q, (\/21<S Urs \/2YthL“” 1+ Ksu,)/Ys, U1>

><Q1<\/2KU2D, \/2Yt,,L§;’ 2(1+Kuy,p) /YUZ,D) (11)
fz - 1,E24+1
x|1—-=————G>} | ap |
F(a)r(ﬂ) 2,4 Y(Jl U2 52 o ﬁ 0

3.2.2 Symbol ervor rate

It is defined as the probability of false estimation of the received symbol, which
can be expressed as [32]

M
Pupsi(e) =1 — ZPk(YS,Ul)Pk(YUl,Uz)Pk(YUz,D) (12)
k=1
( 1 (M]\—/[l)lr sin 2 (I%)
1-—= ——=2L NV dp,fork =1
I e ) R
1 ML)z sin? (I\l/l> M
_J MYs,d T dgb,fOVk :—+1
PL(Y,,) = 7)o sin”(¢) 2 (13)
1 (%t sin?(ay — 1)
il M I R T gh—
o JO Y:’d ( sin 2(¢) ) ’ otherwise
ijnakM (_ sinz(ak)) d¢ ]
(L 22)oe T sin(g)
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where, a;, = (2k — 1) . After substituting Eq. (6) in Eq. (13) and using [29], we
can obtain the moment-generating function of instantaneous SNR corresponding FSO
link as

241242

_ 522(1—5—,3—1 x 6,1 (ilﬂ)z S (14)
4nl ()l (B) 36 16Yy,,u,s 2 241 g1 fpH1

22 2 0°2 2°2 2

MYU1,U2 (5>

3.3 UAVs’ optimal altitude

According to Eq. (11), outage probability is a function of UAV’s altitude, distance
from source to destination, and distance between the projection points of UAVs on the
ground and end users. For these given parameters values, the optimal altitude is
obtained as

h =1, tan(¢,) (15)
where the optimal altitude must satisfy the following condition [33]

h = argh?[%ir;]Pout (h, s, 1y, Lsp) (16)

Finally, the optimal elevation angle at the receiver side ¢, is obtained by solving
the equation,

[Pl.Ql(vz,’M)z) —+ Pz.Ql(Ul,wl>].P3 =0 (17)
where
g Ky, (¢1) wi | Ky, ()
P1 = 1€ 2 Il(Ul,Wl)’T—IO('IJl,W1).7 m (18)
+ € <¢>1n( : )* (¢ tanepy ¢ | % i
€ €
SUL L cos ¢4 St ! li cos 2, + lj sin ¢,
Kiy, p(42) wy | Ky p(e)
P2 = e 7 Il (1}2’ w2) %2 — IO (1)2, I/UZ). 72 % (19)
2>
l
+ 6{12,13(472) In (cosy¢2> + eu,,p(¢,) tan ¢,
52 ~ 1,841
Pa=1-—> G| af, =2 (20)
C(a)r(g) >* Yu,u, 20,0

3.4 Numerical results

In this section, we provide numerical insights of optimal UAVs’ altitude and
corresponding performance analysis and then cross-validate the proposed methodology
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using Monte-Carlo simulation. We assume that the system is operated under moderate
and strong atmospheric turbulence conditions with a maximum free space optical dis-
tance 7 km, where the average SNRis set as Y5y, = Yy, u, = Yv,,p = 75 dB.

The variations of elevation angle corresponding to the optimal UAVs’ altitude for
the given distance between the projection points of UAVs on the ground and end users
under moderate atmospheric turbulence conditions are depicted in Figure 2.
According to this figure, the optimal elevation angles decrease with the increase in
distance from the end-user location to the projection point of the UAVs on the ground
because the variation of optimal elevation angle follows Eq. (15).

The variation of outage probability with respect to UAVSs’ altitude under moderate
atmospheric turbulence conditions is statistically visualized in Figure 3 when the SNR
threshold is assumed as Y, = 0.4. Since small-scale fading and signal path loss less

80

Optimal Elevation Angle (°)

55
500 1000 1500 2000 2500
I (m)
Figure 2.
Variation of optimal elevation angle while considering Yy, = 0.1.
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Figure 3.
Outage probability variation for different UAVS’ altitude.
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Variation of symbol ervor vate for different modulation schemes.

affect the received SNR at the optimal altitude, minimum outage probability can be
achieved at that altitude. On the other hand, outage probability increases if UAVS’
altitude deviates from the optimal value.

Figure 4 shows the impact of various modulation schemes on symbol error rate
when the distance between projection points of UAVs on the ground and end users is
2000 m under different atmospheric turbulence conditions. According to the result, it
is observed that symbol error rate decreases with the average SNR value. Furtherore,
binary phase shift keying (BPSK) outperforms the modulation scheme of quadrature
phase shift keying (QPSK). Although higher modulation techniques offer more data
rates and bandwidth efficiency, they are more complicated to implement, require a
more stringent RF amplifier, and are less resilient to error. Therefore, BPSK offers
more secure and errorless transmission than other modulation techniques.

4. Throughput maximization in UAVs-supported D2D network

This section proposes a UAVs-supported self-organized device-to-device
(USSD2D) network containing multiple source-destination device pairs and multiple
UAVs, where the objective is to find the optimal deployed location of UAVs to support
reliable data transmission between source and destination device pairs. Here, we
consider SNR-constrained maximization of the total instantaneous transmission rate
of the USSD2D network by jointly optimizing device association, UAV’s channel
selection, and UAVs’ deployed location at every time slot.

4.1 System model

Figure 5 depicts the UAVs-supported self-organized device-to-device (USSD2D)
network where the stationary source and destination devices pairs are randomly
deployed on the ground within the target area. The direct D2D pairs can establish LoS
links due to good channel conditions and the short distance between them. On the
other hand, UAV-assisted D2D pairs cannot establish direct links due to the presence

9
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Figure 5.
UAVs-supported self-organized device-to-device network.

of significant obstacles in the signal propagation path and thereby utilize the deployed
UAVs as relays.

4.1.1 Channel model

Consider M number of UAVs represented by M = {1,2, ..., M} at a fixed altitude

of H, acting as relays for K number of direct D2D pairs and K number of UAV-
assisted D2D pairs. There are total ] number of orthogonal channels represented by
J =1{1,2, ...,]J} in the USSD2D network, and each UAV selects a single orthogonal
channel at a time. The set of source and destination devices of the direct D2D and

UAV-assisted D2D pairs are represented as Ks = {1,2, ..., K},

Kp={K+1,K+2, ..,2K},Ks ={1,2, ...,K} and Kp = {K +1,K +2, ..., 2K}
respectively where kth device’s location is (xk, yk) ,Vk € {KSUEDUKSUKD}. UAVS’
flight period is discretized into T equally spaced time slots of duration & each and mth
UAV’s location U, (t) = (xm (t),y,, (t),Hu), VvmeM,teT ={1,2, .., T} is almost
unchanged within each slot. Here, we assume that one source device can only associ-
ate with a single UAV at a time slot, but multiple devices can access a single UAV
simultaneously. To avoid mutual interference from nearby devices, UAVs select the
orthogonal channel, and data transmission follows amplify and forward relaying (AF)
protocol [34]. The association indicator of the ke {ksUkD} device with UAV m at
time slot ¢ is defined as

T/; (1) = 1, if devicekassociates with UAV m 21)
0, Otherwise
Similarly, when UAV m selects an orthogonal channel j at tth time slot, the
corresponding channel selection indicator is defined as
- 1,if UAV m selects channel j
L ;(t) = . (22)
0, Otherwise
The path loss between the device k and UAV m can be expressed as [35]
— 4rf D; (t
L, (t) = FLos — Fhlos +20 log( Y Lin®) )) + tnros  (23)
1+ b exp [—bz (% ¢1%,m (t) — l’)1>] ¢
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where ¢ is the speed of light, f, is the carrier frequency, yi;,5 and up;,s are attenu-
ation factors corresponding to the LoS and NLoS path, respectively, b; and b; are the

constant. ¢, (t) = sin - (Hu /Dj (t)) is the elevation angle between the device & and

UAV m, where the instantaneous distance between them is calculated as

Dy, () = \/ (om (2) — x,;)2 + (9, (1) — y,;)z + H?2. The instantaneous channel gain

between kth device and relay UAV m can be expressed as

Gl%,m (t) = 10 Lim(®)/10 i

4.1.2 Transmission model

The received SNR at UAV  from the source device & over channel j can be
expressed as [34]

PGy ()T, (6)Tn(2)
Ny

U (t) =

kym

(25)

where Pka is transmit power of k& device and Ny is noise power. The expected SNR

received by the destination device k+Ke Kp from UAV m over channel j can be
expressed as

i PG kOl g Ol () 06)

m,l;Jrf( (t) N 0

where PI* is transmit power of UAV m. The overall SNR at the destination device
of the UAV-assisted D2D pair following AF relaying protocol can be expressed as [36]

N 1 -1

where F],(t) is the instantaneous SNR of the ith hop over jth channel, and N is the
total number of hops in the link. For direct D2D pair, we consider a conventional

) =

kk-+K

channel model where the instantaneous channel gain between the source device k and
destination device k + K can be expressed as

Grzix(®) = oDy £(0) (28)

where fy = (4xf, /c)2 is free space path loss at a distance of 1 m, and ¢ is the path
loss exponent. The expected instantaneous SNR received by the destination device k +
K from the source device k over channel j can be expressed as

(t) — IM (29)

2
k Ny

Jk+K

11
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The instantaneous transmission rate achieved by the destination device k + K can
be expressed as

ﬁl';,ﬁ—s—l?(t) = Blog, [1 + l—]k dU )] (30)

The total instantaneous transmission rate achieved by all direct D2D pairs can be
calculated as

J] K
Ran(®) = 370" Rey ol e
J=1 k=1
Similarly, k + Kth device obtains the instantaneous transmission rate over
channelj as
RIIE,IZ’,H(( ) =B 10g2 [1 + l—]k k+K< )] (32)

The total instantaneous transmission rate of all UAV-assisted D2D pairs can be
expressed as

J M .
Reum t) =ZZ Rijix(®) (33)

The overall instantaneous transmission rate of the USSD2D network is
formulated as

RSum (t) — ESum (t) + RSum (t> (34)

4.1.3 Problem formulation

From the practical scenario, it is observed that when UAVs fly toward a group of
devices to obtain better channel conditions, the remaining devices of the network
cannot receive adequate services from the UAV, and consequently, UAVs cannot
allocate network resources fairly. Hence, we jointly optimize UAVSs’ location, device
association, and channel selection indicators at every time slot to maximize the total
instantaneous transmission rate of the USSD2D network while assuring that each
device should achieve a minimum SNR of ¢ to maintain the required QoS. The
corresponding optimization problem is formulated as

Maximize

P1: { (% (8,9, 8)) T (£), T () }RSum(t) (35)
Vk € {KsUKpUKsUKp },me M, je T

Subject to the constraints
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C1: 1, (t)> ¢, Vk € {KsUKpUKsUKDp } (36)
C2 : Iy (), Ly en (8) = {0, 1}, L j(£) = {0,1}, Yk € { KsUKpUKsUKp },me M,j € T
(37)
C3: > Lim®) <1, Y Tpiem(t) <1,k € {KsUKpUKsUKD }, (38)
meM meM
C4: > Inj(t) <1,¥meM (39)
jeJ

C1 indicates that a device should achieve a minimum SNR threshold to maintain
the required QoS. C2 defines the instantaneous device association indicator and UAVs’
channel selection indicator. C3 assures that each device can be associated with a single
UAV at a time slot, and C4 implies UAVs’ channel selection conditions at each time
slot. The optimization variables (x,(t),,,(t)), Iex(t) and I, ;(t) are coupled and
interactable, where the deflection of one variable impacts the optimization of other
variables and the objective value. Hence, this optimization problem becomes compli-
cated using standard optimization tools. In order to tackle this situation, we adopt an
RL-based UAV deployment strategy to find their optimal position by estimating the
required system parameters using real-time measurements and statistics of collected
information.

4.2 RL-based solution methodology

UAVs acting as RL agents select the action depending on their current positions,
which are only related to their previous states. Hence, the proposed framework fol-
lows Markovian properties composed of state, action, reward, state transition proba-
bility, and the flying time periods. In the next sub-section, we explain each of those
elements elaborately.

4.2.1 State space

The state of the mth UAV at ¢-th time slot is the vector of two elements which
represent its current position as ¢, (t) = (X (£),,,(¢)), Ven (t) €S. Here, S is the state
space, whose elements are independent and identically distributed random variables
arranged by combining all possible values across the time horizon.

4.2.2 Action space

UAV’s action «,,(t) € A in the current state is the change of its position, which is
measured with respect to its immediate X and Y coordinates. Here, we consider a
benchmark RL gridworld environment where UAVs have maximum of eight possible
moving directions at each state, i.e., NORTH, NORTH-WEST, WEST, SOUTH-
WEST, SOUTH, SOUTH-EAST, EAST, and NORTH-EAST. After selecting an action,
the X and Y coordinate changes of UAV m at t-th time slot are represented as
8¢ (1) €{—9(t)5,0,9(¢t)} and ' (t) € {—9(¢)6, 0, 9(¢)5} respectively,

Va,(t) = {5"‘ (2), 6’ (t)} € A,t €T, where J(t) is the velocity of UAVs at time slot ¢t and

X
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A is the action set containing all possible actions. The obtained X and Y coordinate of
UAV m for next time slot is measured as

(t) (40)
(t) (41)

4.2.3 Reward formulation

RL agents choose their actions in such a manner that maximizes long-term cumu-
lative reward. Since our objective is to maximize the total instantaneous transmission
rate of the USSD2D network, we need to find such locations of UAVs that impacts
immediate objective value. Hence, we model the instantaneous reward function con-
tributed by UAV m as

—~

J
i+ 22

@

), VYm e M (42)

J
R(em(t),am(t)) = Z
j=

1 ~
I =
m

1 k=1
4.2.4 State transition probability

It is the probability that UAV m changes its state from ¢,,(¢) to ¢, (¢ + 1) after
selecting an action «,,(t), denoted as Py {¢,, (t + 1) € S|ey(t), am (¢) }. Let us consider the
probability vectors of device association and UAVs’ channel selection at time slot ¢ as

PPA(r) = [ i 1(1:),13};,2(1:), ,f’,;’M(t)],V/:e € {KsuKp} and PSS (r) =
[Pn1(2), Pm(t), .. s Py(t)], Vm € M respectively where P,;,m (t) indicates the associa-

tion probability of device & with UAV m at time slot £ and P, (t) is the probability that
UAV m selects channel j at time slot ¢. In each time slot, source and destination devices
associated with a single UAV according to probability vectors P]gA (t) and UAV selects
a single orthogonal channel with a probability vector of P<*(¢) . The probabilities of

device association and UAV’s channel selections are updated for the next time slot as
follows:

B 6) + w17y, (0) (1= By, (), m = U (1)

P, (t+1) = ) \ (43)
Py, (t) — w1y, (6)P;,, (£),m # UM™(r)
= B Pm’]@) +W27m]‘(t)(1—Pm]‘( )),]':CMax(t)
Puslt +1) = { Py (1) — W (6)Po 1), £ C (1) “

where w; and w, are the learning step sizes. Ug/m (t) is the current best UAV for

device k for a fixed selected channel and CMax (1) is the current best channel of UAV m
for associated devices at that time slot respectively, which can be expressed as

Ug/“’x( ) = argyzneaj\}fle . k+K )s Vl; € {I~CSUI~CD} (45)
CMax (1) = argmame]( ), Ym e M (46)

jeJg
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where 77, (t) and 7,,j(¢) are the normalized reward achieved by the source device k
and UAV m at time slot ¢ respectively, which are defined as

Ry . ()
~ k,m e+K
() = maxR; . (1) “47)
me M kym,k+K
R,,i(t
max Ry, ;(t)
jeJ

From (43) and (44), it is observed that the update of selection probability vectors
depends on the instantaneous transmission rate, which does not need any prior infor-
mation. Thus, device association and UAVs’ channel selection at each time slot is
entirely model-free.

4.2.5 Updating the action value function

During the operation period, each UAV acts as an RL agent where UAV m takes an
action ,,(t) at current state ¢,,(¢). Then it generates an immediate reward
R(em(t),am(t)), and computes corresponding Q (¢, (¢), 2, (t)) value. Finally, the current
state ¢, (¢) is updated to the next state ¢, (t + 1) and UAV m selects the next action
am(t + 1) using the same policy where the action-value function is updated as [37]

Qem(t)s am(t)) — (1= A)Qem(t), am (1)) + a[R(em (t)s am (t)) + 7 Qlem(t + 1), am(t +1))]
(49)

UAVs consider all the possible actions from the action space and select an action
with a certain probability that provides maximum long-term reward. e-greedy action
selection policy is adopted under which the probability that UAV m takes action
am(t) € A corresponding to a state ¢,,(¢) €S at time slot ¢ can be expressed as [37]

arg max Q(em(t), am(t)), with probability 1 — e
B N L0 (50)

Random Selection, with probability e

UAVs execute state-action pairs repeatedly to gain experience of interacting with
the environment. These interaction results are recorded in Q-table and updated the
learning policy in each episode until convergence. Algorithm 1 summarizes the opti-
mal deployment strategy using the adaptive State-Action-Reward-State-Action
(SARSA) technique.

4.3 Simulation results

In this sub-section, we validate the proposed analysis and provide various numer-
ical insights on key system parameters to improve the system’s performance. Later, we
compare the obtained results corresponding to the proposed SARSA algorithm with
the existing works [34], such as random selection with fixed optimal relay deployment
(RS-FORD), an exhaustive search for relay assignment and channel allocation with
fixed initial relay deployment (ES-FIRD), and alternative optimization for the
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Figure 6.
The variation of the total transmission rate of the USSD2D network corresponding to each episode.

individual variable (AOIV). Here, we consider that direct D2D pair and UAV-assisted
D2D pair devices are uniformly distributed in a 4 kmx4 km square area where the
primary simulation parameters are adopted from [38].

The iterative evolutions of the proposed and benchmark schemes are depicted in
Figure 6, where the number of UAVs, UAV-assisted D2D pairs, direct D2D pairs,
orthogonal channels, and transmit power are set as 5, 10, 2, 7, and 10 mW respec-
tively. From this figure, it is clear that the proposed algorithm outperforms the
benchmark scheme with respect to the converged value because it utilizes e-greedy
action policy to obtain the large search space by exploring the target region more
efficiently. Furthermore, UAV acting as an RL agent learns to improve the cumulative
reward, i.e., the total instantaneous transmission rate, from its past learning experi-
ences. Hence, according to this figure, the SARSA algorithm enhances the overall
transmission rate by 75.37%, 49.74%, and 11.01%, compared with RS-FORD, ES-
FIRD, and AOIV schemes, respectively.

Algorithm 1: Optimal UAV deployment strategy using adaptive SARSA technique

Input: No,B, 47,5, finress fos D15 b2 Hus 80,K,Ks, Kp, K,Ks,Kp, PF*, M, M, PI*, ], 7,
W1, W2, 7, @, €, G, Yo (t) €S, am(t) €A, k€K = {KsUKpUKsUKD }, m e M

Output: Instantaneous reward generated by all UAVs as R(t)

1: Initialize Q (¢, (£),am (t)) = 0, Ve, (t) €S, (t) €A, m € M

2: Set initial device association probability as P,%,m 1) = 1\%[ R vk € {ksukD }, me M

3: Set initial channel selection probability of UAVs as P, (1) = }, vmeM,jeg

4: Initially deploy UAV m at the random position as ¢, (1) = (xx(1),,,(1), Hu),¥m € M
5:fort =1,2, ..., T do

6: fork = 1,2, ...,K do

7:form = 1,2, ...,M do

8: Obtain the association probability of device & with UAV m as f),;’m (t)

9: Calculate fi%,m (t) and f’;j k(@) by (25) and (26), respectively, for a fixed assigned channel
10:iff% (1), 17

mk+K (t) >¢ then
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11: Calculate R’

Tesfe+K
12: else

13: ﬁé,é+k(t) =0
14: fork = 1,2, ...,K do
15: form = 1,2, ...,M do

16: Set I, (t) = 1 whenm = arg maﬁf’,; (1), otherwise I; () =0
> me ) ’ ?

(t) using (32) for a fixed assigned channel

17: According to (43), update the association probability as f’,;)m (t) — f’,;’m t+1)
18: form = 1,2, ...,M do

19: forj = 1,2, ...,J do

20: UAV m obtains the jth channel selection probability as Py, ;(z)

21: Calculate f’:” (t) according to (25) for the fixed associated devices

22: 1ff’7m (t) > ¢ then

23: Ié]m () = g;lB log, [1 + fikm (t)]

24: else

25:R (t)=0

26: form = 1,2, ...,M do

27:forj = 1,2, ...,] do

28: Set I,,,j(t) = 1 whenj = arg r]neaé( P,,j(t), otherwise I,,,;(t) = 0

29: According to (44), update channel selection probability as

Ppj(t) < Ppj(t +1)

30: form = 1,2, ...,M do

31: Choose the action values 4,, () = { (), 5, (t) } by (50)

32: Find next state as ¢, (t + 1) = (xm (t+1),y,t+1),H ) by (40) and (41)

33: Calculate the immediate reward R (¢, (¢),am(t)) of UAV m by (42)

34: Choose the action a,, (¢ + 1) = {6;” (t+1),8"(+ 1)} by (50) and obtain Q (¢, (¢ + 1), 2, (t + 1)) value
35: Update Q (¢ (¢), 2 (t)) value according to (49) and store it in Q-table

36: Update the state and action for the next time slot as ¢, (t) < ¢, (t + 1) and a,, () — am(t + 1)
respectively

37: Calculate the instantaneous reward generated by all UAVs as R(t) = S-M_ R (e (£), am (£))

Figure 7a shows the variation of instantaneous transmission rate for different
number of UAVs while the other3 network parameters are the same, as mentioned in
Figure 6. It can be observed in this figure that the performance metric value increases
with the number of UAVs because all UAVs utilize the available channels efficiently at
their deployed location. But when the number of UAVs exceeds 7, the total instanta-
neous transmission rate does not increase significantly because all UAVs reuse the
limited spectrum, which increases mutual interferences among UAVs and source-
destination device pairs.

Figure 7b plots the objective value corresponding to the different number of
available orthogonal channels. From this figure, we can say that the instantaneous
transmission rate increases with the number of channels because all the communica-
tion nodes select individual channels according to the channel selection probability
vectors. But when the number of channels exceeds 7, no such variation in objective
value is found because this is a sufficient resource to avoid mutual interferences
completely.

Figure 7c represents the network throughput variation for different UAV-assisted
D2D pairs when their transmitting power is 10 mW. Since all the devices and UAVs
share the fixed amount of orthogonal channels, the network’s performance is
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Figure 7.

Total overall network performance of the USSD2D network for different network parameters value. (a) Network
throughput for different number of UAVs. (b) Network throughput for different number of channels. (c) Network
throughput corresponding to the different number of UAV-assisted D2D pairs. (d) Network throughput
corvesponding to the different number of dirvect D2D pais.

independent with respect to the number of UAV-assisted D2D pairs, and the perfor-
mance metric value is almost constant for variation of the key system parameters.
The performance metric variations for different number of direct D2D pairs are
illustrated in Figure 7d when their transmitting power is set as 10 mW. It is observed
that the instantaneous transmission rate decreases with the number of direct D2D
pairs because they utilize more orthogonal channels. As a result, mutual interference
among UAV-assisted D2D pairs increases since they share limited network resources.
Furthermore, our proposed scheme has the capabilities for adaptive action selection,
which significantly outperforms the benchmark techniques. From Figure 7, we can
say that the overall network throughput can be improved by 77.58%, 52.51%, and
12.14% compared to the RS-FORD, ES-FIRD, and AOIV schemes, respectively.

5. Minimization of devices’ energy consumption in UAV-assisted IoT
network

The devices at the cell edge consume high energy to achieve the required data rate
when transmitting data to the nearest BS because of the large LoS distance between

18



Optimal Unmanned Aerial Vehicle Control and Designs for Load Balancing in Intelligent...
DOI: http://dx.doi.ovg/10.5772/intechopen.110312

Startﬂit;@:\ji‘
Point Ug. _

é;; Base Station

[ | User
—E a ki~ Unmanned
*??\\ﬂ‘ Aerial
Vehicle

Figure 8.
Hlustration of UAV-assisted IoT network.

BSs and those devices. Alternatively, a quad-rotor UAV-assisted IoT network could
provide reliable communication compared to fixed terrestrial BSs. Therefore, in this
section, we aim to find the optimal trajectory of UAV and the association of IoT
devices that simultaneously support energy-efficient data collection.

5.1 System model

Figure 8 illustrates the UAV-assisted IoT network, in which M terrestrial BSs with
fixed height of Hp and a single UAV collect data from K stationary uniformly distributed
IoT devices. The UAV flies at a fixed altitude H, with the constant speed of 9, where its
start and end locations are represented by Us = (x;,y,, H,) and Ug = (x.,y,, Hx)
respectively. To track the UAV’s location at each instance, we discretize its flight period
into N equally spaced time slots, each of duration T, and assume that UAV’s location at
nth time slot Un] = (x[n],y[n],H,),Yn e N = {1,2, ..., N} is constant. All devices
transmit atleast D,y;, bits data to the core network to maintain reliable QoS.

5.1.1 Data collection of core network

The transmission environment is categorized into two scenarios, i.e., ground to
ground (G2G) and ground to air (G2A) channels. G2G channel establishes the links
between BS and IoT devices, whereas G2A channel connects the IoT devices with the
UAV platform. We generalize the wireless channel gain between each device and its
destination (either UAV or BS) at each time slot as the combination of large-scale path
loss and small-scale fading. The channel gain between each device and its destination
can be modeled as [39]

Wyn) = g [n]\/Lin],Vke K = {1,2, ...,K} (51)

where i € {B or U} is the destination indicator in which B and U represent nearest
BS and UAV, respectively, Lj[1] is the large scale path loss, g [] is the small scale

fading coefficient. The achievable instantaneous transmission rate of the kth IoT
device can be formulated as [40]

R,[n] = Cglog, |1 (52)

| InflP [n]]
Mo

19



Edge Computing - Technology, Management and Integration

where Cp is channel bandwidth, P [»] is transmitting power of the kth device, and
1o is noise power. Instantaneous data transmitted by the kth device over G2G and G2A
channel is measured as DY [n] = RE[n]T, and DY [n] = R [n]T; respectively. The energy
consumption of device k at nth time slot can be calculated as

Exln) = (I [n)PY (] + I )Py [n]) T, VR € K (53)

where PY [n] and P?[n] are the instantaneous transmit powers of kth device when
connecting with UAV and BS, respectively and I}/ [n], I [n] € {0, 1} are the binary
device association indicators with UAV and BS respectively. The k th device transmits
data to the core network during each time slot is measured as

Di[n] = IV [n)DY [n] + I [n]DE[n], Yk € K,n € N (54)
5.1.2 Problem formulation

We aim for energy-efficient data collection that jointly exploit reliable data trans-
mission, optimal instantaneous position of UAV and transmit power control. The fluc-
tuation of channel gain causes unstable network performance, leading to quickly drain
out devices’ on-board battery energy. Thus, to minimize total energy consumption of all
devices we jointly optimize UAV’ trajectory, device association indicators and their
transmit power allocation, while ensuring that each device should transmit a minimum
data to the destination and UAV chooses a constant speed during its trajectory between
the initial and final locations. Therefore the optimization problem is formulated as

N K
P1: Minimize > D TP + BmPin)T] - (S5)
{(x[n},y[n})},lij[n],lf [n},P}eJ[n}, and Pf[n] n=1 k=1
Vee KyneN

Subject to the constraints

C1: I/ [n]DY [n] + B[n]DE[n] > Dpgin, Ve € K,n €N (56)
C2:I/[n]€{0,1},I[n] €{0,1},Vee L,n eN (57)
C3: 1Y + B <1,VkeK,neN (58)

K
C4:) I/ln]<K,VneN (59)

k=1
C5: U[1] = Us, U[N] = Ug (60)

Here, C1 ensures that each device transmits atleast Dy, bits data to either UAV or
nearest BS at a time slot. C2 defines the device association indicators. C3 verifies that
each device associates with either UAV or the nearest BS at each time slot. C4 implies
that UAV can associate with maximum K number of devices instantaneously; and C5
guarantees that UAV starts its trajectory from an initial given position and ends to the
tinal predefined location. The optimization problem contains multiple interactive and
coupled variables, and they have a complex relationship by which changing one’s value
may impact to others. Furthermore, these discrete optimizing variables make the prob-
lem highly non-convex to find a limited time trajectory between the start and end points.
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Hence, standard optimization methods face difficulties in obtaining exact solutions. In
order to tackle this situation, we propose RL framework and adaptive decision-making
policy to find UAV’s successive locations, and device association along with their trans-
mit power allocation. We adopt the SARSA algorithm to control the UAV, which acts as
an RL-agent for taking the optimal action at each step to maximize its reward.

5.2 Reinforcement learning based on SARSA algorithm

As discussed earlier in Section 4.3, the RL framework follows MDP, where the
current state only depends on the immediate past state, and the UAV acting as RL
agent chooses an action according to the e-greedy policy. Here, the generated reward
depends on UAV’s current state and taken action at each time slot. The expected
trajectory is obtained more precisely when the reward generated by the UAV at the
current time slot is beneficial for the long term. To reflect this property, we model the
instantaneous reward for every time slot as UAV’s instantaneous objective value,
which is expressed as

R(elnl,aln]) = | (1Y mIPY [n] + LnlPEln]) T (61)
k=1

Algorithm 2 summarizes the optimal trajectory learning procedure using the
improved SARSA technique. In this framework, we first calculate UAV’s current state,
channel gain, and distances from all devices to UAV and the nearest BS at every time
slot. Then, all devices select the destination (either UAV or nearest BS) by estimating
the instantaneous device association indicator and the required transmit power while
satisfying the data rate constraint value. This process is repeated at each step, and
UAV obtains optimal policy at the final episode. Since the number of episodes is T' and
each episode goes through N time slots, the computation complexity depends on total
steps TN, including state space and action space in RL. In our scenario, there are L1L,
possible state locations and eight possible actions for each time slot. Therefore, the
computational complexity of algorithm 1 is O(8 TNL1L;), including the complexity of
the action selection scheme in each step.

Algorithm 2: UAV trajectory learning process using SARSA

Inputiy, @,&,8, T, (%0, 9, Hu), (%595 Hu)> Tss Bos u> Hus Datins 10The, K, BS,, M, N, €pax
W, [n), o[n], aln], Ye[n] € S, aln] € A,k € K,me M,neN,ie {U or B}

Output: Optimal policy 7,

1: Initialize Q (¢[n],2[n]) = 0, Vs€ S,a € A, and e[1] = epux

2:fort =1,2, ...,T do

3: Set the starting point as o[1] = (x[1],y[1]) = (x,y,)

4:forn =1,2,...,Ndo

5:if n <N —2and \/(xe —x,[n]) + 0, =y, [n])z <94(N —n)T, then

6: Choose the action values an] = {éjj [n], 5 [n]} by (50)

7: Find next state by (40) and (41) as o[z + 1] = (x[n + 1], y[n + 1])
8: Calculate reward R(¢[n], 2[n]) by (61)

9: Choose the next action «[n + 1] = {5Z [ +1],5;[n + 1]} by (50) and obtain Q (¢[n + 1], 2[z + 1]) value

10: Update Q (¢[r], 2[n]) value according to (49)
11: Update the respective state and action as ¢[n] < ¢[n + 1] and a[n] — a[n + 1]
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12: elseif n = N — 1 and \/(xg —x.[n)* + (v, —, [n])z <9,T; then
13: Obtain the next state as ¢[n + 1] = [x,,,]
14: Calculate reward R(¢[n], 2[n]) by (61)

15: Choose the next action «[n + 1] = {ﬁux[n +1],8)[n + 1}} by (50) and obtain Q (e[n + 1], 2[n + 1]) value
16: Update Q(¢[n], 2[n]) value according to (49)

17: Update the respective state and action as e[| < ¢[n + 1] and e[n] < a[n + 1]

18: else

19: Break

20: Find an optimal policy as z; = arg {max }Q(a[n], an)]),Ve[n] €S,an] € A, neN
aln]=15¢ [, &} n]

5.3 Simulation results

This sub-section presents the training outcomes corresponding to the proposed
SARSA algorithm for optimal trajectory and subsequently evaluates the energy-
efficient data collection. Here, we compare the effectiveness and superiority of the
proposed design with the benchmark PSO technique [41], where 100 IoT devices are
uniformly distributed within a square field of size 2000 x 2000 m. Moreover, we
adopt the required simulation parameters from [40] and [24] to implement the
proposed algorithm.

5.3.1 Convergence analysis

The agents’ training evaluations using RL-based SARSA algorithm are illustrated in
Figure 9a, when all IoT devices maintain the data rate constraint of 10 Mbps. In this
figure, we have found that the convergence rate varies for flying time because UAV
explores the target area more efficiently with the available time slots. As a result more
devices associate with UAV and the convergence occurs before 10,000 episodes.

Figure 9b shows the episode-wise objective value evaluation using PSO algorithm.
From this figure, it is visible that PSO takes more time to converge, and its final
convergence value is less than the SARSA algorithm. This is because PSO updates
particles’ position and velocity according to the random inertial weight which causes
less exact regulation of particles’ moving directions and speed. Hence, its
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Figure 9.
Training vesults corresponding to the proposed and benchmark algorithms. (a) Cumulative reward generated by
proposed SARSA. (b) Fitness value generated by benchmark PSO.
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Optimal trajectories corresponding to the proposed and benchmark algorithms. (a) Optimal UAV trajectory using
SARSA. (b) Optimal UAV trajectory using PSO.

computational complexity increase due to the high dimensions of decision variables.
Therefore, the proposed SARSA algorithm improves the cumulative reward by
10.26% with respect to the PSO.

5.3.2 Optimal trajectory

Using the same parameters mentioned in Figure 9, UAV finds its optimal trajec-
tories with the help of SARSA and PSO algorithms, depicted in Figure 10. These
figures indicate that UAV moves toward the devices, far away from the BS, and within
the flight period, it reaches the final destination point. Since devices consume more
energy while transmitting data to BS, UAV fly toward those devices to improve their
channel conditions. as we mentioned earlier, device association with UAV increases
with the flying time, more devices transmit their data to the UAV instead of BS,
reducing their energy consumption.

5.3.3 Performance comparison of proposed SARSA with benchmark PSO

The variation of devices’ average transmit power to achieve 10 Mbps data rate with
the index value is demonstrated in Figure 11a where a device’s index indicates its
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Figure 11.

Performance comparison of the proposed and benchmark algorithms. (a) Devices’ transmit power corresponding to
their index value. (b) Devices’ energy consumption versus data rate constraint.
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distance from the nearest BS. It is observed that, when there is no UAV support,
average transmit power increases with the index value because, according to (52)
devices far away from BS utilize more power to obtain the given data rate. But when
UAV is employed, its optimal trajectory focuses the devices which are consuming
more power and associates with them for data collection. Furthermore, since UAV’s
straight trajectory cannot improve all devices’ channel conditions, the corresponding
energy-efficient data collection would not be possible.

The total energy consumption of all devices for various data rate constraint values
is illustrated in Figure 11b. It is clear that devices’ energy consumption increases with
data rate constraint because, according to (49), devices allocate more power to
achieve the given rate constraint. Furthermore, from Figure 11a, UAV’s optimal
trajectory corresponding to the proposed SARSA algorithm reduces devices’ transmit
power with its available flying time as compared to PSO algorithm, because PSO
achieves low convergence rate in an iterative process and could not identify the local
optimal in high-dimension space. Hence, the proposed SARSA methodology signifi-
cantly reduces the total energy consumption of all devices by 8.15%, 7.72%, and 5.67%
for UAV’s flying time of 80, 100, and 120 timeslots, respectively as compared to PSO.

6. Conclusion

This chapter proposes deployment and trajectory designs of UAVs for efficient
resource allocation to achieve reliable wireless communication. The main features of
this structure are three folded. In the first part, we optimize UAVs altitude to mini-
mize outage probability and symbol error rate, considering pointing errors, atmo-
spheric turbulence, and scintillation parameters where a hybrid RF-FSO channel
governs the transmission environment. The second part finds the optimal deployed
locations of UAVs to maximize the total instantaneous transmission rate of the devices
in USSD2D network under SNR constraint. Finally, the last feature focuses on energy-
efficient data collection where devices’ total energy consumption is minimized by
jointly optimizing their association with the nearest BS or UAV, their transmitting
power, and UAV trajectory while satisfying a given data rate requirements. Numerical
results validate the analysis and provide insights on the optimal UAV control design
for various key system parameters. Our proposed methodology significantly improves
system performance compared with the benchmark techniques. This work would be
extended toward a multi UAVs-assisted energy-efficient data collection system con-
sidering the age of information aspect where the users follow a certain mobility model.
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