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Abstract

Reconfigurable intelligent surfaces (RIS) enable smart wireless environments by dy-
namically controlling signal propagation to enhance communication and localization.
Unmanned aerial vehicles (UAVs) can act as flying base stations and thus, improve
system performance by avoiding signal blockages. In this paper, we propose a gradient
ascent and coordinate search based method to determine the optimal location for a
system that consists of a UAV and a RIS, where the UAV serves cellular users (CUs)
and the RIS serves device-to-device (D2D) pairs. In particular, by optimizing the net
throughput for both the D2D pairs and the CUs, the suggested method establishes the
ideal location for the RIS-mounted UAV. We consider both line of sight (LoS) and non-
LoS (NLoS) paths for the RIS and UAV to calculate the throughput while accounting
for blockages in the system. The numerical results show that the proposed method
performs better than the existing approaches in terms of both the net throughput and

the user fairness.

Keywords: Cellular users, device-to-device, reconfigurable intelligent surfaces, un-

manned aerial vehicle, throughput, fairness.
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Chapter 1

Introduction

Wireless communication systems have seen remarkable advances over the past few
decades, evolving from basic voice transmission to high-speed data and multimedia
services. With the rapid growth in data demand and the proliferation of connected
devices, conventional terrestrial communication infrastructures are facing challenges in
terms of scalability, adaptability, and efficiency. To meet the increasing requirements of
future wireless networks, there is a growing interest in deploying intelligent and flexible
communication architectures that can dynamically adapt to various environmental and

network conditions.

Two emerging technologies that have attracted significant attention in this context are
Unmanned Aerial Vehicle (UAV) and Reconfigurable Intelligent Surface (RIS). UAVs,
due to their mobility, ease of deployment and ability to provide line-of-sight (LoS) con-
nectivity, have emerged as a promising solution for enhancing coverage and capacity,
especially in areas where terrestrial infrastructure is limited or unavailable. On the
other hand, RIS are artificial surfaces composed of a large number of passive reflect-
ing elements, which can smartly control the propagation of electromagnetic waves by
altering their phase shifts. RIS can enhance signal strength, reduce interference, and

improve the overall spectral and energy efficiency of wireless systems.

RIS represents a promising advancement in wireless communication systems. An RIS
consists of a large number of low-cost, passive reflecting elements that can be pro-
grammed to control the direction, phase, and amplitude of electromagnetic waves. This
ability allows RIS to reshape the wireless environment dynamically, enhancing signal
strength, reducing interference, and improving the overall quality of communication
links. In scenarios where obstacles such as buildings or walls cause signal blockage or

degradation, RIS can effectively create alternative propagation paths, ensuring robust



and reliable connectivity. One of the key areas where RIS technology can have a sig-
nificant impact is in Device-to-Device (D2D) communication. In D2D networks, users
communicate directly without relying on the base station, which helps reduce latency
and offloads traffic from the core network. However, D2D links are often vulnerable
to poor channel conditions and interference from other users. By deploying RIS in
such networks, the reflected signals can be adjusted to reinforce direct links between
devices or to mitigate interference from surrounding transmissions. This leads to better
link quality and improved spectral efficiency. Additionally, RIS is energy-efficient and
flexible, making it well-suited for integration with mobile platforms like UAV, which
can position the RIS elements in optimal locations depending on the network demand.
When used in dynamic and dense network environments, such as urban areas, the com-
bination of RIS and D2D communication can result in significant gains in throughput,
fairness, and overall network performance. As the demand for high-speed and reliable
communication grows, particularly with the development of 6G networks, RIS-assisted
D2D systems are expected to play a crucial role in the evolution of future wireless

technologies.

Cellular Users (CUs) are the standard users in a wireless network who rely on a base
station or access point for communication. These users can be mobile phone users,
IoT devices, or any terminal that connects to the cellular infrastructure to send or
receive data. In dense urban areas or during peak hours, the communication quality
for CUs can degrade due to congestion, interference, or poor signal coverage, especially
in locations that are far from the base station or obstructed by buildings. To overcome
these challenges, UAVs, also known as drones, are being increasingly used as aerial
base stations or relay nodes in wireless networks. UAVs have the unique advantage of
mobility, which allows them to be quickly deployed and positioned in the air to provide

communication support where it is needed.

UAVs can help improve the coverage and capacity of a wireless network by establishing
LoS links with ground users, thereby reducing the impact of obstacles and signal fading.
When integrated with communication equipment, UAVs can either serve as temporary
base stations or assist in relaying data between the users and the main network in-
frastructure. This is especially useful in emergency scenarios, rural areas with limited
infrastructure, or events where a sudden increase in users leads to network overload.
Moreover, UAVs can adjust their positions dynamically based on the user distribution
or traffic demand, making the communication network more flexible and responsive.
The combination of UAVs and ground-based CUs enables a more robust and adaptable
network design, which is essential to support the growing demand for high-speed and

reliable wireless communication services in next-generation networks.



Millimeter wave (mmWave) communication refers to the use of high-frequency radio
waves, typically in the 30 to 300 GHz range, for wireless data transmission. This tech-
nology has gained significant attention in recent years, especially with the development
of 5G networks, due to its ability to support extremely high data rates and large band-
widths. Unlike traditional cellular frequencies, mmWave signals can carry a much larger
amount of data, making them ideal for applications that require fast and high-capacity
communication, such as video streaming, virtual reality, and massive machine-type
communications. However, despite its advantages, the mmWave technology also faces

several challenges that must be addressed for practical use.

One of the main issues with mmWayve is its limited range and high sensitivity to obsta-
cles. These signals cannot easily penetrate walls, buildings, or even human bodies, and
they are also affected by environmental factors such as rain and foliage. As a result,
mmWave communication is heavily dependent on a clear LoS path between the trans-
mitter and the receiver. When LoS is blocked, the signal must take alternative paths,
known as Non-Line-of-Sight (NLoS) links. However, NLoS links typically suffer from
higher path loss and signal degradation, leading to reduced performance. To overcome
these limitations, advanced techniques such as beamforming, directional antennas, and
intelligent reflecting surfaces (RIS) are used to redirect and enhance the signal strength,
even in NLoS conditions. Moreover, deploying mmWayve in dense urban areas often re-
quires a higher density of base stations or the use of mobile platforms like UAVs to
ensure stable and continuous coverage. Despite these challenges, mmWave technology
holds great promise for future wireless networks by enabling ultra-fast, low-latency

communication and supporting the growing demands of modern digital services.

The integration of RIS with UAV represents a novel and powerful paradigm for fu-
ture wireless communication networks. By mounting RIS on UAV, we can harness the
mobility and altitude advantages of UAV along with the signal manipulation capabil-
ities of RIS, leading to highly reconfigurable and adaptive network deployments. This
combination is especially beneficial in complex environments, such as urban areas with

dense obstructions or remote locations that lack infrastructure support.

The main focus of this thesis is on the deployment of RIS-mounted UAV networks.
Specifically, we aim to explore strategies for optimally positioning a UAV and a RIS
to maximize network performance while serving both CUs and D2D communication
pairs respectively. The motivation behind this research stems from the need to provide
efficient and reliable connectivity in scenarios where traditional network setups are
inadequate. By considering both UAV mobility and RIS reflection capabilities, we
propose a framework that dynamically adjusts to user locations, obstacles, and channel

conditions.



One of the primary challenges in deploying RIS-mounted UAV networks is determining
the optimal positioning of both to support a heterogeneous user base. Unlike tradi-
tional base stations, UAV can move in three-dimensional space, and their positioning
significantly influences the quality of the communication links. Furthermore, the place-
ment of RIS on UAV adds an additional layer of complexity, as their effectiveness
depends on the geometry of signal reflection paths. Thus, a comprehensive approach is
needed to jointly consider user distribution, environmental factors, and communication

requirements.

In this work, we propose a methodology for the deployment of RIS-mounted UAVs
by formulating an optimization problem that aims to maximize a key performance
metric such as network throughput or signal quality. We consider practical constraints
such as the number of presence obstacles, the transmission power of devices, and the
characteristics of wireless channels. Our approach involves simulating various scenarios
and comparing the performance of our proposed method with existing benchmarks that

consider UAVs or RISs separately.

However, since the RIS is mounted on the UAV, they have to be in the same location.
Thus, in this work, we investigate the deployment aspect of RIS-assisted UAV networks,
where our objective is to enhance the combined system throughput of both the CUs

and the D2D pairs. More specifically, our contributions can be summarized as follows:

e First, we find the optimal position rp of the RIS for maximizing the throughput
of the D2D pairs based on gradient ascent, which may or may not be the best
position with respect to the CUs.

e Next, we find the optimal position r¢ of the UAV to maximize the throughput of
the CUs, which again, may or may not be the best position for the D2D pairs.

e Finally, we find the combined optimal location of the RIS-mounted UAV based on
coordinate search, by using rp and r¢, which aims to maximize the net through-
put of both the D2D pairs and the CUs.

We perform extensive simulations to demonstrate the benefits of the proposed method
over the existing benchmark schemes, which individually optimizes the performance
of the D2D pairs or the CUs. More precisely, our approach outperforms existing ap-

proaches in terms of both net throughput and user fairness.

The rest of the paper is organized as follows. Chapter 2 provides a detailed review of the
related work in the area of UAV and RIS-assisted communication systems. It highlights
the key contributions and limitations of existing approaches. Chapter 3 introduces

the system model used in this study, including the overall network architecture and



assumptions made for the simulation. Chapter 4 presents the proposed method for
determining the optimal placement of the RIS-mounted UAV, taking into account both

CUs and D2D communication users.

Chapter 5 presents the simulation parameters used to evaluate the proposed system
under various scenarios. Chapter 6 presents the simulation results and provides a per-
formance comparison between our proposed approach and existing benchmark methods.
Chapter 7 summarizes the key findings and insights obtained from the evaluation and

concludes the thesis.



Chapter 2

Related Work

In recent years, wireless data usage has grown rapidly and is expected to increase more
than five times between 2023 and 2028 [1]. In this context, RISs have emerged as
a promising solution to tackle this challenge by ‘controlling’ the wireless propagation
environment [2]. An RIS is essentially an array of passive elements placed on a flat
metasurface. Unlike traditional methods that adapt to changes in the wireless channel,
an RIS actively controls the wireless environment to improve signal transmission. This
is achieved by adjusting the properties of its passive elements. Moreover, since an RIS
only reflects the incoming signals in a desired direction, it does not require any radio

frequency (RF) chains [3].

On the other hand, high-frequency signals such as millimeter waves (mmWaves) [4]
are widely used for high-speed data transfer in the D2D communication. Although
mmWaves-based communication is well suited for short-distance D2D communication,
it comes with its own set of challenges such as losing signal strength quickly when
passing through obstacles and experiencing high signal loss over long distances. These
limitations make it difficult to always maintain a stable and strong connection between
a user pair, especially in situations where the direct LoS is weak or not good enough to
support mmWave communication. In such scenarios, RIS-assisted D2D communication
can help obtain the indirect LoS when the direct LoS is blocked [5].

Using an RIS, the signal can be intelligently reflected and redirected to the desired
destination, even when obstacles block the direct path. This helps ensure a more reliable
and efficient wireless connection. Furthermore, to make communication more reliable,
RIS is placed in a strategic location where they have a clear LoS with the users who want
to communicate with each other. This is crucial, since there is a significant difference

in between the LoS and NLoS path loss (PL) in mmWave communication. NLoS



communication occurs when buildings or other obstacles block the direct signal path,
leading to higher signal loss and weaker connections. Moreover, this strategic placement
helps to improve signal quality and overall network performance [6, 7, 8]. In this setup,
the signal from one user is reflected by an RIS placed within its communication range
before reaching the intended receiver. This improves network connectivity, especially

in areas where the direct LoS link is weak or blocked by obstacles.

In addition, for situations such as natural disasters and/or temporary high-traffic ar-
eas, UAV-aided communication can be a very useful alternative, where the traditional
existing infrastructure may be unavailable or overloaded. UAVs are widely used in such
cases because they offer high flexibility, quick and easy deployment, making them an
effective solution for emergency and temporary communication needs [9]. As a result,
UAVs, like RIS, can aid mmWave communication systems to avoid signal blockages
and significantly reduce the associated PL [10]. Since UAVs can move freely and adjust
their positions, they can find the best locations to maintain a LoS link, ensuring a more
stable and reliable connection. In this context, a potential RIS-aided UAV network can
deal with the blockage problem more efficiently [11]. Here the UAV can act as a flying
base station to CUs and the RIS on top of it can help establish LoS links between the
mmWave-based D2D user pairs. Because the RIS-assisted UAV network serves both
types of users, this increases the system throughput. But in that case, the placement
of the RIS-mounted UAV is a very challenging issue. Unlike the thoroughly investi-
gated research direction of optimal UAV [12] and RIS [13] positioning, here we need to
consider the net performance of both the CUs and the D2D pairs. It is important to
note that the optimal UAV position corresponding to the CUs may or may not be the

same as the optimal RIS position corresponding to the D2D pairs, and vice-versa.



Chapter 3

System Model

In this section, we explain the network setup and how the system works. We first
describe the structure of the network, including the positions and roles of the UAV,
the RIS, and the different users such as the CUs and D2D user pairs. This helps to
understand how these components are arranged and how they interact with each other.
After describing the network layout, we provide the mathematical model that repre-
sents the system. This includes the assumptions we make, the types of communication
channels considered, and the important parameters used in our analysis. This model

forms the basis for developing and evaluating our proposed method.

3.1 Network Topology

We consider a mmWave wireless system with N active CUs, M D2D pairs, and a
RIS-mounted UAV that operates in the orthogonal frequency division multiple access
(OFDMA) mode [14]. The RIS is made up of R reflecting patches and the UAV
flies at a fixed altitude H above the ground level [15]. Also, we assume that the
RIS is able to obtain complete channel state information (CSI) and that the wire-
less channels corresponding to the consecutive reflecting elements are independent
and identically distributed. We denote C = {1,2,...,N} and D = {1,2,..., M}
as the index sets for active CUs and D2D pairs, respectively. In addition, we assume
{(z1,11), (z2,92), ..., (xar,yar) } is the set of M D2D pairs communicating via the RIS
and {z1,29,...,2n} is the set of N CUs, which communicate with the UAV as a base

station. So, we have K = 2M + N devices that communicate simultaneously.

Figure 3.1 illustrates a representative scenario of the proposed communication system
architecture. In this setup, two CUs, denoted as z; and z9, are engaged in data com-

munication with a UAV that acts as an aerial base station. At the same time, two D2D



user pairs, represented as (x1,y1) and (z2,y2), establish direct communication with
the assistance of a RIS. The RIS is mounted on the UAV, enabling intelligent signal
reflection to support users in environments with obstacles or NLoS conditions. This
figure provides a visual overview of how different types of users interact through the
UAV and RIS, showcasing the hybrid nature of the network and the effectiveness of

integrating advanced wireless communication technologies.

RIS-mounted UAV

21 \A@
Y2
Figure 3.1: RIS-mounted UAV communication model.

3.2 Throughput Calculation for D2D Pairs

For x,, Vm =1,..., M, the received signal at y,, is
R . .

Sym = \/Pyim Z |h|m,C€_]wm’<aC|9’m,€e_]¢m’C Sm + Mo, (3.1)

¢=1

where P, is the path loss dependent received power, s, is the transmitted signal, and
no ~ CN(0, Np) denotes the additive white Gaussian noise (AWGN). Here, a; = w¢el%
V (=1,..., R is the reflection coefficient of the (-th RIS reflecting element and w¢(6¢)

denotes the amplitude (phase) adjustment factor of the same. Without any loss of



generality, we consider we = 1V ¢ [5]. Moreover, |h|my ¢(¥m ) and |g|m ¢ (¢m,c) denote
the amplitude (phase) of the channel coefficient of the x,, — R link and the R —y,, link,

respectively. Furthermore, P, depends on the PL model considered [16] as follows.
Pym [dBm] = me + Gacm + Gym — PLxm,RIS - PLRIS,ym- (32)

Here, P,,, is the transmit power of z,,, G;,,(Gy,,) is the gain of the transmit (receive)

antenna, and

PL,, RIS = Qg,, r1s + 108, rislogio(d(zm,r)) and

PLR1Sy, = QRIS ym + 108RI1S,y,, 10810(d(7; Ym)), (3.3)

where a and (8 are parameters of the LoS and NLoS models respectively, d(z,,)
is the Euclidean distance between x,, and RIS, and d(r, y,,) is the Euclidean distance
between RIS and y,,. Lastly, |h|m ¢ and |g|m ¢ follow the Rician or Rayleigh distribution,
depending on whether they correspond to the LoS or NLoS channel, respectively[8]. As

we assume the RIS to have the complete CSI, the resulting optimal signal at y,, is

R
Sym =V Pym Z |h|m,dg‘m,§ 5+ o (3.4)

(=1

and the associated total throughput for all the D2D pairs is

R 2
M Py, CZ;I [hlm.clglm.¢
Dpop = ) log, | 1+ o (35)
m=1
3.3 Throughput Calculation for CUs
For z, Vn=1,..., N, the received signal at the UAV is
Sz, = V Pufnsn + 1o, (3'6)

where P,, analogous to P, in (3.1), is the distance dependent received power, i.e., it

is a function of d(z,,r) as follows.

Pn[dBm] = Pzn + Gzn + Guay — PLG,UAV' (37)

10



Here, P, is the transmit power of z,, G,, (Gyay) is the gain of the transmit (UAV)
antenna, and

PL., vav = o+ 1051logo(d(zn,1)). (3-8)

Also, f, is the corresponding complex channel gain, and s,, is the transmitted signal.

Accordingly, the associated total throughput for all the CUs is given by

N
Pn n2
Doy =Y log, <1+ ]|V";’ ) (3.9)

n=1

Similar to |A|ny,¢c and |g|m ¢ of the D2D scenario, |f,| is Rician/Rayleigh distributed

depending on the wireless channel.

In this manuscript, we investigate the RIS-mounted UAV deployment, where we intend

to maximize the net throughput D, which is defined from (3.5) and (3.9) as

Dnet = DDQD + DCU- (310)

11



Chapter 4
Proposed Strategy

In this section, we introduce a step-by-step strategy to maximize (3.10), which is the
net throughput of the CUs and the D2D users. Specifically, we intend to individually
maximize Dpsp and Dgy as two different sub-problems, by finding the best possible
solution for each. Subsequently, by taking the solutions from both and combining them,
we solve the original optimization problem. The motivation for this approach lies in
the fact that, since the RIS is mounted on the UAV, we cannot have different locations
for the RIS and the UAV in order to serve the D2D pairs and the CUs, respectively.

4.1 Throughput Maximization for D2D Pairs

Now, we obtain insights on the optimal placement of the RIS, which results in the
maximization of Dpop. Here, Dpop(r) from (3.5), can be expressed as a function of

the position of the RIS, i.e., r = (z,,y,, H) as

R 2
Py, (1) 421 |Blim,clglm,c

No :

M
Dpop(r)=)_ logy| 1+ (4.1)
m=1

where from (3.2), we have

G4 = Gy, + Gy,., and PL,, grrs, PLRrs,y,, as stated in (3.3). Note that, while P,
and Gq are constants, PL,, rrs, PLrrs,y,, depend on r and hence, P, is a function

m

of r. Thereafter, by appropriate linearization (i.e, conversion from dBm to Watt) of

12



M
_nmAm
D! - . wh 44
p2p(r) mzzzl (In2) (1 + N d(Zm, r)_ﬂzvaISd(ym, T)_BRIS,ym) where (4.4)
A, = /me,RISd(:Bmu T)_'Bzm’RIS_ld,(xm) T)d(yma T)_BRIS’ym +

BRISyym d(xm7 T)iﬁxm’RISd(ym7 T)iﬂRls’ym 71d/(ym7 7”).

R 2
P, (r) and denoting ‘ > \h|m7<|g|m,<‘ = Km, (4.1) can be rewritten as
(=1

M
Dpop(r) = Z logs (1 4 Pym(%”)
m=1

No
M
:Z logy (1 + (T, 7) TPEm RIS Ay, 7“)*53’5*/m> , (4.2)
m=1
Pom +Gd—%em RIS T*RIS,ym ~30 . .
where 1, = ”ngl() 10 . Accordingly, by using (4.2), we state the

following optimization problem.
P1: max Dpap(r) (4.3)
T

subject to ., < xp < 2y and yr . < Yr < Yro..- To solve P1, we first calculate
Diop(r) = aDDaiQf(r) to obtain (4.4). However, if we set D,,p(r) = 0 and try to solve
for r, we do not get a closed-form solution. Therefore, we employ a numerical technique

to find the best possible value of r.

Specifically, as logy(+) is a continuous and concave function, it has a global maximum
point. Hence, we propose a gradient ascent [17] based algorithm, which will converge

to this maximum point.

4.1.1 Gradient Ascent

Gradient ascent is a fundamental optimization algorithm used to maximize a function
by iteratively moving in the direction of its gradient. It is especially useful in machine
learning, data science, and mathematical modeling, where the goal is often to find the
parameters that maximize a certain objective function, such as a likelihood function or

a utility function.

Let f(x) be a differentiable real-valued function, where x is a vector of parameters.
The gradient of f, denoted by V f(x), is a vector of partial derivatives that points in

the direction of the steepest increase of the function. In gradient ascent, we update the

13



parameters using the following rule:

X1 = X¢ + NV (%), (4.5)

where n > 0 is the learning rate or step size, and ¢ denotes the iteration number.

The learning rate n plays a crucial role in the convergence behavior of the algorithm.
If n is too small, the algorithm may take a long time to converge. If it is too large,
the algorithm may overshoot the maximum and fail to converge or even diverge. In
practice, techniques such as adaptive learning rates or line search methods are used to

address this issue.

Gradient ascent is widely applied in scenarios where an objective function needs to
be maximized. For example, in logistic regression, the likelihood of the observed data
is maximized with respect to model parameters. Similarly, in reinforcement learning,
agents use gradient ascent to maximize the expected reward by adjusting their policy

parameters.

Despite its simplicity, gradient ascent has some limitations. It requires the function to
be differentiable and may get stuck in local maxima if the function is non-convex.
To overcome this, various advanced techniques such as stochastic gradient ascent,
momentum-based methods, and second-order methods (e.g., Newton’s method) have

been developed.

In summary, gradient ascent is a simple yet powerful optimization technique that plays
a central role in many machine learning and statistical applications. Its effectiveness
depends on careful tuning of parameters and, in complex problems, the use of extensions

or variants to ensure better performance and convergence properties.

Accordingly, Algorithm 1 solves P1, where we avoid r = x,, and y,, for all m =
1,2,...,M. We simply cannot take the gradient at » = x,, and y,, for all m =
1,2,..., M because the objective function is not defined at these points. To handle
this, we define sign(z) = +1 for z > 0 and —1, elsewhere. Also, a small tolerance
€ is used, i.e., if d(xm,,r) or d(r,ym) is less than €, we adjust r by moving it away
from z,, and y,, V m by a displacement factor . Furthermore, the bounds of r are
carefully maintained by continuously adjusting its value after each update, making sure
that it remains within the specified limits. In (4.3), we determine the limits of r as
Tmin = (Troins Yrmins H )y Tmax = (Trpaxs Yrmaxs H ), a0d we denote the initial value of r as
70 = (Trg, Yrg, H). Here rpiy and ryax are obtained so that after these points the PL is

greater than the PL at ro [16]. Finally, the algorithm stops if

e The derivative of Dpaop(r) evaluated at any iteration is less than €, or
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e The distance between two consecutive locations is less than e, or
e The maximum number of iterations is reached.

The computational complexity of the proposed algorithm is influenced by two primary
factors: the total number of D2D user pairs and the maximum number of iterations the
algorithm is allowed to run. Here, M is the total number of D2D pairs in the network,
and Npax is the maximum number of times the algorithm runs. In the worst case, the
algorithm might need to process all user pairs during each round. As a result, the worst-
case time complexity of the algorithm can be expressed as O(M - Nyax). This indicates
that the execution time of the algorithm increases linearly with both the number of
D2D users and the number of iterations. Such a complexity ensures that the algorithm
remains scalable and efficient for moderate to large network sizes, making it practical

for real-world deployment scenarios involving RIS-assisted UAV communications.

Algorithm 1 Algorithm to Solve P1

1: Initialize with initial guess rg such that ryin < rg < Tmax and 79 # Tm, Ym ¥V M,
learning rate «, tolerance ¢, and maximum iterations Ny ax.

2: Set iteration count k£ = 0.

3: repeat

4: Compute Djy,,(r) by using (4.4).

5: Tht1 = Tk + aDpop (T8)

6: for all m do

7: if |74+1 — 2| < € then

8: Tkl = Tk+1 + SigN(rg41 — ) - 0
9: end if

10: if |rky11 — ym| < € then

11: Tkl = Tk+1 + SIEN(Tk41 — Ym) - O
12: end if

13: end for

14: Ensure bounds: 7511 = min(max(rg4+1, min)s "max)

15: k=k+1
16: until |D{yop (1541)] < € or |rpp1 — 75| < € or k > Nipax
17: return r* = ry1 and Dpop(r*)

4.2 Throughput Maximization for CUs

Now we define an optimization problem specifically for the purpose of maximizing Dgy.

Here, Dcy(r) from (3.9), is expressed as

N r 2
Dey(r) =) log, <1 + P”(A)f(')f” ) , (4.6)
n=1
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where from (3.7), we obtain
P,[dBm]=P,, + G. — PL., yav, (4.7)

G. =G, + Guav, and PL,, yay as stated in (3.8). By performing similar algebraic

manipulations as in Section III-A, we obtain

M
Dcy(r) = Z log, (1 + )\nd(zn,r)_’BZ"vUAV> , (4.8)
m=1

|£n]? Pep+Ge—ay, yav —30 L. . .
where A\, = ", 10 10 . Similar to (4.3), we frame the following opti-

mization problem.
P2: max Dcy(r) (4.9)
T

SUbjeCt to mein S L S ':Urmax a'nd yrmin S Yr S yrmax'

Due to the similar structure of Doy and Dpop, here too we cannot find a closed-form

optimal solution. Accordingly, on similar lines, we evaluate the quantity

N
_Anﬂzn,UAVd(va T)_an’UAV_ld/(zny T)
Dgy(r) =)

(In2) (1 + X\pd(zp, r)Ponvav)

(4.10)

n=1
to propose Algorithm 2 for finding the best possible solution numerically.

Similarly, the optimization process for CUs, the computational complexity is influenced
by the total number of CUs and the number of iterations allowed. Since N represents
the number of CUs in the network, and Npy.x denotes the maximum number of itera-
tions, in the worst-case scenario, the algorithm evaluates each CU in every iteration,
leading to a time complexity of O(N - Npax). This expression indicates a linear increase
in computational cost with respect to the number of cellular users and the iteration
count, thereby ensuring that the proposed approach remains scalable and efficient even

in dense cellular network deployments.

It is interesting to note that, while Algorithm 1 depends on the location of both the
users of every D2D pair, Algorithm 2 depends solely on the location of all the CUs.

4.3 Best Combined Position for RIS and UAV

By solving P1, Algorithm 1 determines the optimal position for the RIS to serve the
current set of requesting D2D pairs. Similarly, Algorithm 2 provides solution to P2,
to determine the best possible position for the UAV to serve as many CUs as possible.

However, in general, these optimal positions obtained from Algorithm 1 and Algorithm
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Algorithm 2 Algorithm to Solve P2

1: Initialize with initial guess r¢ such that rmi, < rg < Tmax and rg # z, for all n,
learning rate «, tolerance €, and maximum iterations Ny ax.
Set iteration count k = 0.
repeat
Compute D¢;(r) by using (4.10).
Th41 = Tk + OéDéJU(Tk)
for all n do
if |74+1 — 2n| < € then
Thtl = Thy1 + 8ig0(Tg41 — 2n) - 0
end if
end for
11: Ensure bounds: ry1 = min(max(rg41, "min), "max)
12: until |Dg(r541)| < € or |1 — 1| < € or k> Npax
13: return r* = ri1 and Dcy(r*)

—_
=4

2, respectively, are not the same. If we move away from these individually optimal
positions, it is expected that the data rate for both D2D users and CUs will decrease.
However, since the RIS is mounted on the UAV, we are interested in finding its joint
optimal or ‘near-optimal’ position such that the reduction in data rate remains minimal.

This is achieved by using the following approach.

Let the optimal position of RIS obtained by Algorithm 1 is rp. The corresponding
average throughput per D2D pair is defined as

av Dpop(rp
Dpyp(rp) = M(> (4.11)

Similarly, we also look at the throughput of the CUs. If Algorithm 2 results in the
optimal UAV placement r¢ for the purpose of Doy maximization, the corresponding

average throughput per CU is defined as

Dig(rc) = Peutre) (4.12)

Next, we calculate the ratio of these two quantities as

D& (re)
Dl%vzgi) (mp)

¢ = (4.13)
Our objective is to determine the position s = (x,y, H) such that T'(s) is minimized,

where
_ | Deg(s)

T(s) = DU () 9|- (4.14)

Here D{\;(s) and D () represents the average throughput per CU and per D2D user
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pair, respectively, at s = (x,y, H). Moreover, similar to ryi, and mmax, we also define
the limits of s as Smin = (s, Ysmins H) a0d Smax = (Tspars Usmaxs H ), respectively.
Furthermore, we denote the initial value of s as sy, the mid point of the line joining
rp (obtained from Algorithm 1) and r¢ (obtained from Algorithm 2). In order to find
the appropriate s, we propose Algorithm 3, which is largely based on the well-known

coordinate search method [18].

4.3.1 Coordinate Search

Coordinate Search is a straightforward and widely used optimization technique that
belongs to the class of direct search methods. Unlike gradient-based algorithms, Co-
ordinate Search does not require the calculation of derivatives, making it particularly
useful for optimizing functions that are non-differentiable or when gradient information
is difficult to obtain.

The main idea behind Coordinate Search is simple: it optimizes a multivariable function
by iteratively exploring one coordinate (or variable) at a time, while keeping the others
fixed. The search moves along each coordinate direction separately to find an improved

solution by testing points in the positive and negative directions of the coordinate axis.

The algorithm begins at an initial guess and proceeds by checking if moving along a
coordinate axis by a certain step size results in a better function value. If improvement
is found, the point is updated; if not, the algorithm moves on to the next coordi-
nate direction. This process continues iteratively until a stopping criterion, such as a

maximum number of iterations or a sufficiently small improvement threshold, is met.

Coordinate Search is simple to implement and easy to understand, making it a popular
choice for many engineering and scientific applications. However, its convergence can be
slow for high-dimensional problems, as it only searches along one dimension at a time.
Nevertheless, it is robust and can handle noisy or discontinuous objective functions

where gradient-based methods may fail.

Overall, Coordinate Search offers a practical optimization approach, especially when
dealing with complex problems where derivative information is unavailable or unreli-
able.

The proposed Algorithm 3 works by dividing the zy plane into 360 directions
(num_directions), corresponding to the angles from 0° to 360°. Starting with an initial
point sg, the algorithm searches along each direction by adjusting the coordinates in
that direction. For each angle, it performs a one-dimensional search, by evaluating the

objective function at each step (step-size). The best solution found for each direction
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is stored, and the algorithm moves in the direction that minimizes the objective func-
tion. Finally the algorithm returns the best position s, which minimizes the objective

function.

Since the Coordinate Search algorithm explores the search space by iterating through
a finite set of directions, its computational complexity depends primarily on the num-
ber of these directions and the maximum number of steps taken along each direction.
Here num_directions denote the total number of coordinate directions considered, and
max_steps represent the upper limit on the number of steps taken during the search
process. In the worst-case scenario, the algorithm evaluates the objective function at
each step along every direction. Therefore, the overall time complexity of the Coordi-
nate Search algorithm can be expressed as O(num_directions x max_steps). This linear
relationship ensures that the algorithm’s running time scales proportionally with both
the number of directions and the maximum step count, making it a manageable and

predictable method for optimization in many practical applications.

Algorithm 3 Algorithm to find the joint best location

1: Initialize with initial guess sy = (zo,y0, H) such that spim < S0 < Smax,
num_directions, step_size and maximum number of steps max_steps.

2: best_solution < (g, yo)

3: best_value < T'(s)

4: for 1 = 0 to num_directions — 1 do

5: 0+ ﬁrgmm X 4 > Calculate direction angle
6: direction < (cos#,sin 0) > Convert angle to (dx,dy)
7: for num_steps = 1 to max_steps do

8: Tnew < xo + direction[0] X step_size

9: Ynew < Yo + direction[1] x step_size

10: value < T'(Znew, Ynew)

11: if value < best_value then

12: best_value + value

13: best_solution < (Znew, Ynew)

14: end if

15: end for

16: end for

17: return (best_solution)
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Chapter 5

Simulation Parameters

To evaluate the performance of the proposed system, extensive simulations are con-

ducted using a well-defined set of parameters, which are summarized below.

The simulation environment spans a square region with dimensions of 300 x 300 m?,
representing a moderately sized urban communication area. Within this area, a total
of M = 80 D2D user pairs are randomly distributed. These D2D users communicate
directly with each other through a RIS-assisted link. In addition to the D2D pairs, the
system also includes N = 30 CUs that communicate with a central UAV acting as an

aerial base station.

The environment is modeled to include realistic propagation conditions by incorporating
45 randomly placed obstacles, which simulate buildings or other physical obstructions
typically found in urban or suburban settings. To support intelligent reflection and im-
prove signal coverage, a RIS comprising R = 250 passive reflecting elements is mounted
on the UAV. The RIS plays a crucial role in enhancing the quality and reliability of

wireless links, particularly in NLoS scenarios [8].

The UAV is assumed to maintain a constant altitude of H = 25m, which strikes a
balance between coverage area and signal quality. Each D2D transmitter is config-
ured to transmit at a power level of P, = 30dBm, which is typical for short-range
communication devices [19]. To maximize signal gain and mitigate path loss, both the
transmit and receive antennas are equipped with directional antennas having a gain of

Ga,, = Gy, = 24.5dBi [19)].

Thermal noise is modeled using a noise power value of Ny = —100dBm, which is a
commonly used baseline for millimeter-wave frequency bands. The carrier frequency

is set to 28 GHz, reflecting the use of millimeter-wave spectrum often proposed for
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next-generation (5G and beyond) wireless communication systems.

Path loss (PL) is modeled differently depending on whether a link is LoS or NLoS. For
LoS links, the path loss is defined using a standard model with parameters oy = 61.2
and fr, = 2 [16], indicating lower attenuation over distance. In contrast, NLoS links
exhibit more severe attenuation, modeled with parameters ay = 72.0 and Sy = 2.92,

capturing the additional signal degradation due to scattering, reflection, and diffraction.

These parameters provide a realistic foundation for analyzing the system performance
under diverse environmental and operational conditions, allowing for a thorough eval-

uation of the proposed RIS-UAV-assisted D2D communication network.

Here we list the parameters used for simulation in various scenarios. To ensure a
comprehensive evaluation, we consider different parameter settings, which are listed in
Table 5.1. The results are examined to assess the effectiveness of the algorithm under

different conditions.

Table 5.1: Simulation Parameters

Parameter Value
Communication region 300 x 300 m?
Number of D2D pairs users M = 80
Number of CUs N =30
Number of obstacles 45
Number of reflecting elements R = 250 [8]
UAV height H=25m
Transmit power of x,, P, =30 dBm [19]

G, =245 dBi [19]
G,, = 24.5 dBi [19]
Ny = —100 dBm
28 GHz

(Gain of the transmit antenna
Gain of the receive antenna
Noise power

Carrier frequency

PL parameter for LoS link
PL parameter for NLoS link

ar = 61.2, 8, = 2 [16]
ayn = 72.0, By = 2.92
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Chapter 6

NUMERICAL RESULTS

Here, we evaluate the performance of the proposed algorithm and compare the re-
sults against existing benchmarks presented in [13, 12]. In particular, the approach
in [13] focuses solely on optimizing the placement of RIS for D2D communications,
while [12] optimizes the positioning of UAV to serve cellular users. Unlike these indi-
vidual approaches, our proposed method jointly optimizes both RIS and UAV positions

to support heterogeneous users within a unified framework.

The simulation parameters summarized in Table 5.1 offer a realistic and comprehensive
setup for evaluating the efficiency and adaptability of the RIS-mounted UAV-assisted
communication system. By systematically varying key environmental and network
parameters, such as the number of obstacles and transmit powers, the simulations
account for diverse and practical deployment scenarios. Furthermore, we consider both

LoS and NLoS path loss models, allowing us to examine the system’s behavior.

This evaluation aims to analyze critical performance metrics such as system through-
put. The results obtained from these simulations provide valuable insight into how
the joint optimization of RIS and UAV components enhances network performance,
particularly in dense or obstacle-rich environments. The subsequent sections present a
detailed performance comparison in different scenarios, illustrating the robustness and

scalability of the proposed framework.

6.1 Convergence of Algorithm 1

Fig. 6.1 demonstrates the convergence of the proposed Algorithm 1, for various values
of the Rician parameter K. Specifically, this algorithm provides the optimal location of
the RIS in order to maximize the total throughput of the D2D users. Note that the sole
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objective of this algorithm is to maximize Dpsp without taking care of the CUs present
in the environment. This figure illustrates that the proposed algorithm converges in
finite time, with the time taken for this purpose being inversely proportional to the
learning rate . Moreover, we also observe that the Dpop achieved is higher for higher

values of K, implying the importance of having a LoS between D2D users and the RIS.
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Figure 6.1: Convergence of Algorithm 1.

6.2 Convergence of Algorithm 2

Similarly, Fig. 6.2 depicts the convergence of Algorithm 2, which provides the optimal
location of the UAV to maximize the total throughput Dcy of the active CUs. Even
while the earlier claim regarding the contribution of & to the convergence of Algorithm
1 and the influence of K is still true, we can also see that the system performance is
much worse when K = 0. This is quite intuitive, as K = 0 results in a Rayleigh fading
scenario without a LoS link between the CUs and the UAV.
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However, our objective is always to place the UAV in such a location, which will result

in a LoS link for the maximum possible number of active CUs, if not all.
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Figure 6.2: Convergence of Algorithm 2.

6.3 Impact of obstacles on the system performance

It is important to note that, while Algorithm 1 and Algorithm 2 may provide different
optimal RIS and UAV locations, it is practically not feasible. This is because the RIS
is placed on top of the UAV. Therefore, we search for a position, which enhances the
net throughput of both the D2D users as well as the CUs at the same time. Algorithm
3 finds this position. In Fig. 6.3, we investigate the impact of the obstacles present
in the environment on the net throughput Dy obtained by (3.10). In this figure,
D represents the net throughput computed based on the optimal location obtained

by Algorithm 3. Here, D%%tD and D%% represent the net throughput obtained by [13]
and [12], respectively. According to [13], we first determine the best location for D2D
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users and compute Dpop. We then compute Dcy for the CUs using the same location
obtained for the D2D users. Finally, we compute Dyt by using (3.10) and denote it by
DOD%tD. In the same way, we compute DOC% based on the optimal location for CUs as in
[12].
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Figure 6.3: Impact of obstacles on the system performance.

We observe from the figure 6.3 that irrespective of the framework, the net throughput
decreases with increasing obstacles, which is intuitive. However, it is interesting to see
that, Dﬁgtt is always greater than the other schemes, which aim to individually provide
greater throughput to the D2D users or the CUs. This brings out the novelty of our
proposed framework, as to individually maximizing Dpop or Dcy does not necessarily
imply enhancing the total system throughput. Algorithm 3 outperforms the others, as
it considers the best location for both the D2D users and the CUs.
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6.4 Impact of obstacles on the system fairness

Finally, we look at the impact of obstacles on the Jain’s fairness index [20]. Jain’s Fair-
ness Index (JFI) is a widely used metric to evaluate the fairness of resource allocation

among multiple users or entities in a system.

6.4.1 Jain’s Fairness Index

Definition:

Given a set of resource allocations x1,xa, ..., x, to n users, Jain’s Fairness Index (JFI)

is defined as: )
(Zizl ;)

JFl = =—="— ~_
n- E?:l l‘?

Jain’s Fairness Index is a widely used metric to evaluate the fairness of resource allo-
cation among multiple users or entities. It provides a normalized value between % and
1, where n is the number of users. A JFI value of 1 indicates perfect fairness, meaning
all users receive equal shares, while a value closer to % reflects high inequality in distri-
bution. The index is scale-invariant and symmetric, making it suitable for comparing
allocation strategies regardless of the units or user ordering. It is commonly used in

networking, wireless communications, and systems resource management.
Properties:

<JFI<L1

¢ Range: %

— JFI = 1: Perfect fairness (all users get equal allocation).
— JFI = %: Maximum unfairness (only one user gets all the resources).

e Scale Invariant: It depends only on the relative values of x;, not their absolute

scale.
e Symmetric: The index is unaffected by permuting the order of users.

Based on the method described in [13], we first find the best location for the D2D
users and calculate Dpop. Using this same location, we then compute Dcy. With both
values, we calculate Jain’s Fairness Index, which we refer to as Jpop. In a similar way,
following the approach in [12], we determine the optimal location for the CUs and,
from this location, calculate both Dpsp and Dcy. Using these values, we compute the
fairness index, denoted as Jcy. Finally, using our proposed method (Algorithm 3), we

calculate the fairness index, which we denote as Jopt.
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Figure 6.4: Impact of obstacles on the system fairness.

In figure 6.4, we observe that Algorithm 3 results in the best performance among the
existing benchmarks [13], [12]. In other words, our approach is fair to both the D2D
pairs and the CUs.

6.5 Impact of obstacles on the average system perfor-

mance

In Figure 6.5, we investigate the impact of the obstacles present in the environment on
the average performance of the system. Suppose that there are M D2D pairs and N
CUs being served at the same time. Therefore, based on the Algorithm 3 and (3.10),

we optimally evaluate the quantity

1 (Dp2p  Dcu
D’?in - 5 ( M + T . (61)
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Figure 6.5: Impact of obstacles on the average system performance.

In addition, we also consider the following cases.

e Find optimal location for the D2D users (Algorithm 1) and use this same location

to serve the CUs, resulting in D%’; D

e Find optimal location for the CUs (Algorithm 2) and use this same location to

serve the D2D users, resulting in Dg?lt].

This helps us to bring out the novelty of our proposed framework, as to individu-
ally maximizing Dpop or Doy does not necessarily imply enhancing the total system
throughput. We observe from the figure 6.5 that irrespective of the framework, the data
rate decreases with increasing obstacles, which is intuitive. However, it is interesting
to see that, Dfﬁ is always greater than the other schemes, which aim to individually

provide greater throughput to the D2D users or the CUs.



6.6 Impact of transmission power on the system perfor-

mance
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Figure 6.6: Impact of transmission power on the system performance.

Figure 6.6 demonstrates the impact of the transmission power of the users on the
system performance. We observe, that all the schemes result in better throughput with
increasing trans mission power, which is again intuitive. But it is interesting to observe
that for all transmission powers, the proposed scheme outperforms the other two. The

reason for this attributed to the fact as discussed earlier with respect to Figure 6.5.
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Chapter 7

CONCLUSION

In this work, we investigate the problem of optimal placement for RIS-mounted UAVs
in wireless networks. Our study focuses on two distinct types of users: D2D pairs and
CUs. Unlike previous approaches that optimize for only one user type, we propose novel
algorithms that jointly maximize the overall system throughput by considering both
user groups simultaneously. Through extensive numerical simulations, we demonstrate
that the proposed framework not only achieves higher throughput but also ensures
improved fairness among users. The results clearly show the advantages of our approach
when compared to existing benchmark methods, making it a promising solution for

enhancing network performance in practical RIS-assisted UAV deployments.

This work addresses the critical challenge of optimal deployment for RIS-mounted UAV
networks, focusing on enhancing wireless communication performance in environments
with both D2D pairs and CUs. By developing algorithms that jointly consider these two
user types, our approach aims to maximize the overall system throughput while main-
taining fairness across the network. The comprehensive numerical analysis validates
the effectiveness of the proposed framework, demonstrating significant improvements
over existing benchmark schemes in terms of throughput and fairness. These results
highlight the practical potential of RIS-mounted UAVs to dynamically adapt to com-
plex network conditions and user distributions. Moving forward, this research lays a
strong foundation for future studies that may incorporate additional factors such as
mobility, energy constraints, and real-time adaptive algorithms, ultimately advancing

the design of more intelligent and efficient wireless communication systems.

Furthermore, our work provides strong evidence that joint optimization—considering
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all user types instead of treating them separately—is more effective in real-world ap-
plications. As wireless networks become denser and more diverse, such joint strategies

will become increasingly necessary.

In summary, this research has proposed and validated a new approach to improving
wireless communication through the optimal placement of RIS-mounted UAVs. By
jointly considering D2D pairs and CUs, we have shown that it is possible to significantly
improve both throughput and fairness across the network. The results serve as a
strong foundation for future exploration in this area, with many exciting possibilities

for further development.

Our work contributes to the ongoing evolution of wireless networks, pushing toward
more intelligent, flexible, and user-aware communication systems. As the demand for
faster and more reliable connectivity continues to grow, such advanced solutions will

play a critical role in shaping the future of global communications.
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