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Abstract

Future wireless networks are envisioned to support a wide range of novel use cases, and

connect a massive number of people and devices in an energy e�cient way. Several key

enabling technologies were considered to support this vision including Internet of Things

(IoT) networks, aerial and stratospheric platforms, and recon�gurable intelligent surfaces

(RIS). In this dissertation, we study di�erent problems related to the integration between

these technologies. First, we propose a cost-e�ective framework for data collection from IoT

sensors using multiple unmanned aerial vehicles (UAVs). This is achieved by e�cient clus-

tering of the sensors and optimized deployment of cluster heads (CHs). Then, the number

of deployed UAVs and their trajectories will be optimized to minimize the data collection

�ight time. The impacts of the trajectory approach, environment type, and UAVs' altitude

as well as the fairness of UAVs trajectories on the data collection process are investigated.

Given that IoT nodes might have di�erent priorities and time deadlines, and respecting the

limited battery capacity of UAVs, we enhance the data collection framework to account for

these practical constraints. First, an algorithm for �nding the minimal number of CHs and

their best locations is proposed. Then, the minimal number of UAVs and their trajectories

are obtained by solving the associated capacitated vehicle routing problem. The results

investigate the impacts of the selected trajectory approach, the battery capacity and time

deadlines on the consumed energy, number of visited CHs, and number of deployed UAVs.

Next, given the energy issue on aerial platforms, we present our vision for integrating RIS in

aerial and stratospheric platforms to provide energy-e�cient communications. We propose

a control architecture for such integration, discuss its bene�ts and identify potential use

cases and associated research challenges. Then, to substantiate our vision, we study the

link budget of RIS-assisted communications under the specular and the scattering re�ection

paradigms. Speci�cally, we analyze the characteristics of RIS-equipped stratospheric and

aerial platforms and compare their communication performance with that of RIS-assisted

terrestrial networks, using standardized channel models. In addition, we derive the optimal

aerial platforms placements under both re�ection paradigms. The obtained results pro-

vide important insights for the design of RIS-assisted communications. For instance, given

that high altitude platform stations (HAPS) have large RIS surfaces, they provide superior

link budget performance in most studied scenarios. In contrast, the limited RIS area on

UAVs and the large propagation loss in low Earth orbit (LEO) satellite communications

make them unfavorable candidates for supporting terrestrial users. Then, motivated by

the demonstrated potential of HAPS equipped with RIS (HAPS-RIS), we propose a so-
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lution to support the stranded users in terrestrial networks through a dedicated control

station (CS) and HAPS-RIS. We refer to this approach as �beyond-cell � communications.

We demonstrate that this approach works in tandem with legacy terrestrial networks to

support uncovered or unserved users. Optimal transmit power and RIS unit assignment

strategies for the users based on di�erent network objectives are introduced. Furthermore,

to increase the percentage of admitted users in an e�cient manner, a novel resource-e�cient

optimization problem is formulated that maximizes the number of connected UEs, while

minimizing the total power consumed by the CS and RIS. Since the resulting problem

is a mixed-integer nonlinear program (MINLP), a low-complexity two-stage algorithm is

developed. Finally, given the di�erent applications and various options of HAPS payload,

we envision the use of a multi-mode HAPS that can adaptively switch between di�erent

modes so as to reduce energy consumption and extend the HAPS loitering time. These

modes comprise a HAPS super macro base station (HAPS-SMBS) mode for enhanced com-

puting, caching, and communication services, a HAPS relay station (HAPS-RS) mode for

active communication, and a HAPS-RIS mode for passive communication. This multi-

mode HAPS ensures that operations rely mostly on the passive communication payload

while switching to an energy-greedy active mode only when necessary. We illustrate the

envisioned multi-mode HAPS, and discuss its bene�ts and challenges. Then, we validate

the multi-mode e�ciency through a case study. At the end of the dissertation, several

future research directions are proposed including hybrid orthogonal and non-orthogonal

multiple access (OMA/NOMA) beyond-cell communications assisted by HAPS-RIS, con-

�guration of RIS units on stratospheric platforms, energy management for HAPS-RIS, and

supporting aerial users through terrestrial RIS.
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Chapter 1

Introduction

The evolution of the wireless communications in the last few decades has a major contri-

bution to the witnessed socio-technical development in the world. Wireless networks were

evolved from solely voice calling in the �rst generation (1G) to support Internet applica-

tions and video streaming in the fourth generation (4G). In the past four generations of

wireless networks, the developments were primarily focused on achieving higher data rates.

However, given the rapid increasing of mobile subscribers, and the continuous evolving roles

and applications of wireless networks in our life, the �fth generation and beyond (5G/B5G)

will be a paradigm shift in wireless technologies. In addition to supporting the traditional

communication services, future generations of wireless networks will support various new

use cases and applications. Examples of such applications include autonomous cars, vir-

tual and augmented reality applications, smart grid, e-health1, emergency response and

intelligent transportation systems. This vision of wide range applications requires reli-

able and ubiquitous connectivity for massive number of connected devices. Indeed, among

the main capabilities and requirements of future wireless networks, de�ned by the Inter-

national Telecommunication Union (ITU), are enhanced mobile broadband (eMBB) and

massive machine type communications (mMTC) [1]. According to Cisco forecasts [2], the

number of connected devices will be 29.3 billion by 2023, and the average broadband speeds

will be 110 Mbps.

To support these connectivity demands and the envisioned novel use cases, researchers

in the wireless community are continuously investigating new technologies and approaches

1E-health refers to health services and information delivered or enhanced through the Internet and the

applications of information and communications technologies.
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to enhance di�erent aspects of future wireless networks. These e�orts include seeking

for techniques and technologies to enhance the radio access networks (RAN), the energy

e�ciency of the communication systems, and the scalability of connected devices. Our focus

in this thesis on three of the enabling technologies introduced for future wireless networks:

aerial and stratospheric platforms, Internet of Things (IoT) networks and recon�gurable

intelligent surfaces (RIS).

Aerial and stratospheric platforms are considered as an essential part of the ecosys-

tems of future generations wireless networks. Aerial platforms include unmanned aerial

vehicles (UAVs), which are typically small sizes platforms deployed at altitudes around

100 m. On the other hand, stratospheric platforms refer speci�cally to high altitude plat-

form stations (HAPS), which are generally large platforms deployed at altitudes around

20 km. Several researchers studied di�erent aspects regarding the utilization of aerial

platforms in 5G/B5G networks [3, 4, 5, 6]. Moreover, the Third Generation Partnership

Project (3GPP) issued several standards and studies regarding the deployment scenarios of

aerial and stratospheric platforms, the details of their channel models and related system

parameters such as antenna architecture, altitude, etc. [7, 8, 9]. In general, this interest

in utilizing aerial and stratospheric platforms is due to their unique characteristics, which

include wide service coverage capabilities, preferred communication channels and �exible

deployment. Thus, aerial and stratospheric platforms has the potential to roll out the sixth

generation (6G) services in un-served or underserved areas and reinforce the reliability and

the scalability of terrestrial netwroks.

IoT networks, which consist of large number of devices connected to the internet, are

considered as one of the main trends in future networks and a prime enabler for mMTC

use cases [1]. IoT sensors are an essential part of IoT networks. They consist of low-cost

and low-complexity devices that have the ability to detect or measure various physical

phenomena such as temperature, pressure, light and speed. Thus, the deployment of IoT

networks will be the base driver for future novel applications such as driverless cars, smart

grid and intelligent transportation systems. It is projected that about 50% (14.7 billion) of

total global devices will be IoT based devices [2]. IoT sensors are expected to be deployed

in wide and hard ot reach areas to provide industrial, agricultural and environmental solu-

tions. They can be utilized to predict equipment failure, weather patterns, crop rotation,

yield predictions and various other impacts on agriculture and the food industry.

While the previous two enabler technologies enhance the scalability and the radio ac-

cess of future networks, Recon�gurable intelligent surfaces (RIS) technology improves the
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energy e�ciency of wireless communications. RIS are low-cost, thin and lightweight meta-

surface integrated with passive electronic components or switches to provide a customized

interaction and controlled manipulation of the wireless signals. They can alter the ampli-

tude of the impinging signal, adjust its phase, and direct it to a target in a nearly passive

way. Due to the intrinsic features of RIS, they can be integrated in walls, ceilings, sur-

faces and facades of buildings. Recently, there has been a signi�cant growing interest from

both academia and industry to utilize the RIS technology and enhance di�erent aspects

of wireless communications performance, such as capacity, reliability and security. Indeed,

due to the passive nature of RIS technology, it is considered as one of the energy-e�cient

promising technologies for future wireless networks [10, 11, 12].

1.1 Thesis Objective

The potentials and advantages of the aforementioned technologies for future wireless net-

works are well addressed and demonstrated in the literature. However, instead of looking

to these technologies as standalone technologies, more bene�ts and capabilities can be at-

tained when these technologies are working cooperatively or in an integrated manner. We

envision that careful integration of multiple technologies will be an essential key enabler

for novel use cases and scenarios in future wireless networks. Also, unique characteristics

and distinctive features are expected of such integration. In addition, numerous bene�ts

can be realized by integrating these enabling technologies. The integration is expected

to provide better radio access network and easily scalable networks. Also, it is expected

to improve the spectral and the energy e�ciencies of wireless networks. However, this

integration poses several challenges and issues that need to be studied and analyzed.

Our goal in this dissertation is to investigate several problems associated to di�erent

kinds of integration of these aforementioned technologies. In particular, we study the

utilization of unmanned aerial vehicles (UAVs) for data collection in IoT networks. We

proposed a cost-e�ective IoT network deployment and an energy-e�cient UAVs trajectory

planing. To provide an agile and an energy-e�cient network, we propose the integration

of RIS technology on aerial and stratospheric platforms. Then, the potentials of such inte-

gration for di�erent applications including wireless communication and IoT data collection

will be analyzed and demonstrated in this thesis. In addition, related problems of such

integration for system performance optimization will be studied and investigated.
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1.2 Thesis Outline and Organization

In Chapter 2, we introduced a cost-e�ective data collection framework for wireless sensor

networks (WSNs) using muliple UAVs. We aimed in this Chapter to deploy minimum

number of cluster heads (CHs) in WSNs, and optimize the trajectories of the UAVs in

terms of the traveled distances. Also, we investigated the e�ects of the environment and

the altitude of the UAVs to the data collection performance. In addition, the importance

of fairness in UAVs trajectory planning is highlighted.

The framework presented in Chapter 2 was extended in Chapter 3 to large-scale IoT

systems, while taking into account the limited energy of UAVs and the time deadlines of IoT

sensors. The system considers multiple UAVs deployed to collect sensed data with di�erent

time deadlines. In this chapter, we proposed an algorithm that outperform benchmark

approaches for deploying minimum number of CHs in IoT networks. Furthermore, by

utilizing di�erent heuristic algorithms, we optimize the trajectories of multiple UAVs. The

impact of the UAVs' battery capacities and the IoT sensors' time deadlines on the data

collection performance and the associated energy consumption were also discussed.

Given the limited energy issues of UAVs demonstrated in Chapter 3, we proposed in

Chapter 4 a new technology for the communication payload of aerial and stratospheric

platforms that o�er energy-e�cient communications. In particular, in Chapter 4, we pre-

sented our vision for integrating RIS on di�erent aerial platforms including high altitude

platform stations (HAPS), UAVs, tethered balloons. Also, we presented the proposed con-

trol architecture work�ow for communication, mobility, and sensing for RIS-equipped aerial

platforms. Furthermore, we discussed in details the potential use cases and the attendant

bene�ts of such integration compared to traditional technologies. We concluded Chapter

4 by highlighting main research challenges associated with this integration.

To support our vision presented in Chapter 4, we analyzed in Chapter 5 the link budget

of RIS-equipped aerial platform communication systems under both specular and scattering

re�ection paradigms. Furthermore, we derived the optimal platform location and feasible

maximum number of RIS re�ectors onboard of each platform. Also, we utilized the 3GPP

standards for the communication models to derive the link budget expressions for realistic

communication conditions. We concluded the chapter by providing some design guidelines

regarding the utilization of RIS on aerial and stratospheric platforms.

Based on the �ndings in Chapter 5, where HAPS equipped with RIS (HAPS-RIS)

have shown signi�cant potentials and performance gain compared to other alternatives, we
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studied in Chapter 6 the utilization of HAPS-RIS for beyond-cell communications. Par-

ticularly, we proposed using HAPS-RIS connected to a control station (CS) to support

unserved users in terrestrial networks. Based on di�erent network operating objectives,

several optimization problems to design the CS power and RIS unit allocation strategies

were investigated. The objectives include throughput maximization, worst user rate max-

imization, and RIS units minimization. Furthermore, for a large density of users and

limited CS power and HAPS-RIS size, a novel resource-e�cient optimization problem is

formulated, which simultaneously maximizes the percentage of connected UEs using mini-

mal CS power and RIS units. Through the results of Chapter 6, we showed the capability

of beyond-cell communications via HAPS-RIS to support a larger number of users with

limited number of terrestrial base stations (BSs). Furthermore, the results showed the

superiority of the proposed approach over benchmark and conventional solutions. Also,

the results demonstrated the trade-o� between di�erent solutions in terms of average rate

performance and fairness between users. Finally, the impacts of the HAPS size and di�er-

ent QoS requirements on the percentage of connected UEs and the e�ciency of the system

were discussed.

Given the various options, capabilities and energy requirements of HAPS communi-

cation payload (including HAPS super macro base station (HAPS-SMBS), HAPS relay

station (HAPS-RS) and HAPS-RIS), we envision in Chapter 7 a novel multi-mode HAPS

payload that can deceptively switch between multiple modes. This multi-mode HAPS

is expected to increase the HAPS capabilities while minimizing the energy consumption

and extending the loitering time. We discussed in this chapter the mechanism for mode

selection, the advantages and the related challenges of this multi-mode HAPS. Finally,

through a case study the performance di�erences between these modes were analyzed and

the conditions for modes selection were identi�ed.

In Chapter 8, we provided a summary of the conducted work in this dissertation. Also,

a brief description of some future research directions is presented.
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Chapter 2

Multi-UAV Data Collection Framework

for Wireless Sensor Networks

2.1 Introduction

In wireless sensor networks (WSNs), a large number of sensor nodes (SNs) is usually

deployed to detect physical phenomena, e.g., pressure, temperature, etc. As part of the

Internet of Things (IoT), WSNs are everywhere today, enabling new applications including

smart grids, water networks, and intelligent transportation. In these systems, SNs are

low-power devices with typically short transmission ranges. Current IoT SNs are based

on IEEE 802.15/802.11af and they have a maximum communication range of few hundred

meters. In such systems, data sensed by SNs needs to be transmitted to a network manager.

Typical WSNs deploy sinks (gateways) to collect SNs data and forward it to the Internet.

However, due to the limited range of SNs, large numbers of sinks are deployed, which raise

capital and operating expenses.

To extend the lifetime of WSNs, the utilization of static or mobile distributed relay

nodes within WSNs is proposed in [13]. Recently, low altitude platforms based on un-

manned aerial vehicles (UAVs) have been presented as a promising technology to enable

several wireless applications such as coverage extension, disaster/emergency situation man-

This work mainly has been published in IEEE Globecom 2019 proceedings: S. Alfattani, W. Jaafar,

H. Yanikomeroglu, and A. Yongacoglu, �Multi-UAV data collection framework for wireless sensor net-

works", IEEE Global Communications Conference (Globecom), Waikoloa, Hawaii, USA, Dec. 2019, pp.

1-6.
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agement, etc. [14, 15]. In the context of WSNs, UAVs can act as relay nodes or as data

collectors from SNs. In [16], with SNs partitioned into clusters, UAVs were used to collect

data from them. However, this work was limited to static networks and one type of envi-

ronment. Also, optimal deployment of UAVs has not been investigated. Authors in [17, 18]

investigated the deployment and trajectory of a single UAV supporting downlink wireless

communications only. These works are limited since they focused only on downlink com-

munications using one UAV. In [19], a single UAV was used to communicate with ground

nodes. The UAV's trajectory was optimized to minimize power consumption. However,

multiple UAVs were not considered. Authors of [20] proposed clustering to �nd optimal

hovering locations for UAVs that minimize the power consumption of IoT devices. Never-

theless, the required number of UAVs or clusters for a cost-e�ective deployment was not

considered in this work. Also, the e�ects of the environment type and the UAV altitude

on the data collection process was not investigated.

Most of the previous studies investigated single UAV deployments and ignored multi-

UAV cases. Moreover, communications with low-power SNs is impractical, and hence

deploying cluster heads (CHs) with higher power capabilities, in conjunction with UAVs,

is considered as an energy-e�cient approach [21]. Also, most state-of-the-art research con-

sidered perfect Line-of-Sight (LoS) channels between UAVs and SNs. This is not true in

urban environments, where Non-LoS (NLoS) links exist. Being conscious of these limi-

tations, we address in this chapter the problem of designing an e�cient multi-UAV data

collection framework in WSNs that reduces the number of clusters of SNs and minimizes

the UAVs total �ight time.

The main contributions in this Chapter is summarized as follows: we propose a cost-

e�ective WSN framework where the number of CHs and their locations, and UAVs and

their trajectories are optimized to collect WSN data in the shortest possible time. First,

using k-means clustering, the number and locations of CHs are optimized, such that each

SN can communicate reliably with its associated CH. Then, by leveraging several heuristic

solutions of the multiple Travelling Salesman Problem (mTSP) and TSP with neighbor-

hoods (TSPN), we �nd trajectories of UAVs guaranteeing both reliable data collection

and the shortest total �ight times. These heuristic solutions include the genetic algorithm

(GA) and the nearest neighbor (NN) approach. The results include guidelines for WSN

data collection design: The proposed k-means-based clustering algorithm provides optimal

numbers of CHs to deploy. The adopted GA approach for designing the UAVs trajectories

signi�cantly outperform the NN algorithm. Also, it is found that GA is near-optimal in
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Figure 2.1: System model.

determining trajectories of UAVs, with less than 3.5% degradation to the optimal solution,

optained through Matlab solver. By utilizing the coverage area of each CH to hover within

that range, signi�cantly improves the UAV's �ight time. Moreover, the environment type

and the UAV's altitude impact data collection time. Finally, integrating trajectory fairness

in multi-UAV large WSNs improves the data collection performance.

2.2 System Model

We assume a WSN network, where a set of N = {1, . . . , N} SNs are randomly located.

SNs sense di�erent kinds of data that they need to transmit to the network. We assume

that several UAVs are deployed to collect SNs' data, as depicted in Fig. 2.1. SNs are

typically low power devices that cannot communicate directly with UAVs, hence a set

K = {1, . . . , K} of CHs are deployed to collect data and send it to UAVs. We assume that

a SN transmits its data to its associated CH using power PSN, while a CH communicates

with a UAV with power PCH > PSN. Moreover, all communications are assumed to be

orthogonal, i.e., no interference is occurring. Collection of data occurs as follows. After

association with CH c, SN s transmits its data. The received signal-to-noise ratio (SNR)

at CH c, γsc, can be written as
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γsc =
PSNd

−α
sc

σ2
, ∀s ∈ N , ∀c ∈ K, (2.1)

where dsc = ||qs−qc|| is the distance between IoT sensor s and CH c, qi = [xi, yi, zi] is the

3D location of node i (i = s or c), α is the path-loss exponent, and σ2 is the noise power.

This communication link is considered successful if γsc ≥ γth, where γth is a chosen SNR

threshold. Consequently, a maximum communication range for SN s can be de�ned by

dsc ≤ dth
s =

(
PSN

σ2γth

)1/α

, ∀s ∈ Ac, c ∈ K (2.2)

where Ac = {SN s | dsc ≤ dth
s } is the set of sensors associated with CH c, ∀c = 1, . . . , K ′1.

Once data is received, CH c waits for UAV u to hover above its position to send it Qc

data packets of size Sp bits each. Let U = {1, . . . , U} be the set of available UAVs for CHs
data collection. The air-to-ground channel between UAV u and CH c can be expressed

using the probabilistic path loss model given by [23]

Λcu = PLoS
cu lLoS

cu + PNLoS
cu lNLoS

cu , ∀c ∈ K, ∀u ∈ U , (2.3)

where Λcu is the average path-loss between CH c and UAV u, PLoS
cu is the LoS probability,

PNLoS
cu = 1 − PLoS

cu is the NLoS probability, and lLoS
cu and lNLoS

cu are the LoS and NLoS

path-losses. They are written as [23]

PLoS
cu = 1/

(
1 + a e−b(

180
π
θcu−a)

)
, (2.4)

lmcu = LFS(fc) + 20 log (dcu) + βm, ∀m ∈ {LoS,NLoS} (2.5)

where a and b are constants dictated by the environment (rural, urban, etc.), dcu and θcu

are the distance (in m) and angle (in rad) between CH c and UAV u respectively, depicted

in Fig. 3.2. LFS(fc) = 20 log (4πfc/V ), with fc is the carrier frequency and V the light's

velocity, and βm is the excessive path-loss coe�cient. Using Friis formula, received power

at UAV u from CH c in (dBm) is expressed by [23]

PUAV
cu = PCH − Λcu ≥ Pth, ∀c ∈ K, ∀u ∈ U , (2.6)

1Since one of the main characteristics of di�erent SNs types is the communication range, a distant-based

model is utilized for SN-CH communication. However, a probabilistic 3D model can be also utilized to

account for di�erent environments [22].
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where Pth is the UAV's receiver sensitivity, i.e., above it, the communication between CH

c and UAV u is successful.

In the next section, we formulate the joint problem of deploying an optimal number of

CHs and UAVs to collect data in the shortest time possible, while respecting budget (i.e.,

maximum number of deployable CHs and UAVs) and power constraints.

2.3 Problem Formulation

First, let K ′ ≤ K and U ′ ≤ U be the e�ective number of CHs and UAVs that are going

to be deployed. Then, we de�ne by Cu = {CH c | PUAV
cu ≥ Pth} the set of CHs associated

with UAV u, ∀u = 1, . . . , U ′. The problem can be expressed as follows

min
Ac,Cu,Wu,Hu
c=1,...,K′

u=1,...,U ′

1

U ′

U ′∑
u=1

∑
c∈Cu

‖wu,c+1 −wu,c‖/vu (P1)

s.t. K ′ ≤ K, U ′ ≤ U, (P1.a)

dsc ≤ dth
s , ∀c = 1, . . . ,K ′, s ∈ Ac (P1.b)

PUAV
cu ≥ Pth, ∀u = 1, . . . , U ′, ∀c ∈ Cu, (P1.c)

| ∪U ′u=1 Cu| = K ′, ∩U ′u=1Cu = ∅, (P1.d)

| ∪K′c=1 Ac| = N, ∩K′c=1Ac = ∅, (P1.e)

whereWu = {wu = [xu,c, yu,c, zu,c] | ∀c ∈ Cu} is the set of ordered locations to visit by UAV
u (route) to collect data from its CHs, and wu is the location in the Cartesian coordinates

system. Similarly, Hu = {hc = [xc, yc, zc] | ∀c ∈ Cu} is the set of ordered locations of CHs

to visit by UAV u. Moreover, wu,0 = wu,|Cu|+1 is UAV u's dockstation, and vu is UAV u's

average �ight speed. Finally |.| and ‖.‖ are the Cardinality and Euclidean norm operators,

respectively. The objective function minimizes the average data collection time, where we

assume that communication time is �xed and long enough to collect all data from the CH

successfully, hence ignored in this expression. Constraints (P1.a) are the budget limitations

in terms of number of CHs and UAVs. Whereas, (P1.b)-(P1.c) and (P1.d)-(P1.e) guarantee

successful communications and unique associations between the CHs�SNs and UAVs�CHs,

respectively.

The formulated problem is NP-hard. Indeed, in the special case of one UAV and already

deployed CHs with respect to (P1.d), the problem is reduced to �nding the shortest UAV

10



route. The latter can be comprehended as the TSP. In TSP, a salesman needs to visit a

number of cities, while minimizing the traveled distance. Logically, the salesman and cities

are assimilated by UAV and CHs respectively. Since TSP is NP-hard, then by restriction,

our problem is also NP-hard.

2.4 Proposed Solution

Solving problem (P1) directly is very di�cult. Hence, we opt for a two-step approach as

follows: 1) For given K ′ and U ′, we �nd the locations of CHs to satisfy (P1.b), (P1.e),

i.e., sets Ac (c = 1, . . . , K ′) and H = ∪U ′u=1Hu. This step is the WSN nodes clustering. 2)

Then, for each UAV, the associated CHs, the trajectory and exact aerial locations to visit

are determined, i.e., Cu, Hu and Wu, ∀u = 1, . . . , U ′. This step is the trajectory planning.

It is to be noted that the proposed approach yields a sub-optimal solution compared to

the joint optimization of clustering and UAVs trajectory design. Nevertheless, it presents

interesting implementation characteristics such as simplicity and full control of parameters.

2.4.1 WSN Nodes Clustering

Clustering SNs and deploying CHs to collect data is a widely used technique, as it is

considered energy-e�cient. Indeed, low-power SNs either cannot communicate directly

with the collector (e.g., UAV) or the latter has to get very close to SNs to collect data,

which is energy wasting. Also, using CHs permits the centralization and �ltering of data

before transmitting it to the network. By doing so, CHs are able to process huge amounts

of data and guarantee the scalability of the WSN. Moreover, clustering tolerates failures

and malfunctions through �ltering, backup CHs, and re-clustering. Finally, by adequately

deploying CHs, data loads can be balanced among CHs, in order to extend their availability

in the WSN [21]. In the literature, several approaches exist, such as k-means [24], Mean-

Shift, Density-Based Spatial clustering, etc. Due to the �exibility of k-means in terms of

determining the number of CHs, we opt in this chapter for utilizing k-means to cluster SNs

11



and place dedicated CHs. Hence, the associated clustering problem is

min
H,Ac

K′∑
c=1

∑
s∈Ac

‖gs − hc‖2 (P2)

s.t. (P1.a), (P1.b), (P1.e)

where gs = [xs, ys, zs] is the location of SN s, ∀s = 1, . . . , N . This problem is known to

be NP-hard. k-means solves (P2) iteratively by updating the locations of CHs, as the

averaged locations among SNs in the same cluster. The k-means method is inspired from

[24]. However, to be adapted to our system, i.e. to satisfy additional constraints (P1.b)

and (P1.e), we integrate it into proposed Algorithm 1. It is worth noting that the solution

provided by k-means is usually a local optimal solution. To improve the solution to be

global optimal or near optimal, several random initialization points for CHs locations are

considered, and the best solution is selected.

Algorithm 1 Determining the number and locations of CHs
1: Initialize K ′ = 1

2: Initialize dth
s using (2.2)

3: Run k-means [24], get H and A1

4: Calculate dmax = maxs∈C1 ‖gs − h1‖
5: while dmax > dth

s and K ′ < K do

6: K ′ = K ′ + 1

7: Run k-means [24], get H and Ac (i = c, . . . ,K ′)

8: Calculate dmax = max s∈Ai
c=1,...,K′

‖gs − hc‖

9: end while

10: Return H and Ac (c = 1, . . . ,K ′)

2.4.2 Trajectory Planning

With the minimum number of CHs deployed, (P1) is reduced to associating CHs to UAVs

and �nding best trajectories to collect data. Each UAV travels from its dockstation to

associated CHs, hovers to collect data, and returns to its dockstation once all CHs have been

visited. This problem is known as the mTSP. Despite its NP-hardness, several algorithms

have been proposed in the literature [25]. First, we investigate trajectory optimization
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when UAVs hover exactly above CHs. Then, the case where UAVs hover within a range of

CHs will be studied. The latter is known as TSPN [26].

2.4.2.1 UAVs hover exactly above CHs

For simplicity's sake, we assume that a UAV hovers at the same altitude for the whole

trajectory, and that it hovers exactly above its associated CHs, such that constraints (P1.c

and P1.d) are respected. Moreover, we assume that hovering time is �xed and long enough

to collect all data from the CH successfully, and that UAVs have the same average �ying

speed vu = vavg, ∀u = 1, . . . , U ′. Hence, the trajectory planning problem can be written as

[27]

min
X

U ′∑
u=1

K′∑
c=0

K′∑
j=0
j 6=c

‖hc − hj‖xucj (P3)

s.t.
U ′∑
u=1

K′∑
c=0

xucj = 1, ∀j = 0, . . . ,K ′, j 6= c (P3.a)

K′∑
c=1

xucp −
K′∑
j=1

xupj = 0, ∀p = 1, . . . ,K ′, ∀u ∈ U (P3.b)

K′∑
j=1

xu0j = 1, ∀u = 1, . . . , U ′ (P3.c)

nc − nj +K ′
U ′∑
u=1

xuij ≤ K ′ − 1 (P3.d)

xucj ∈ {0, 1} , (P3.d)

where ‖hc−hj‖ is the distance between CHs c and j, h0 = w0 = wu,0 is the initial and same

dockstation for all UAVs, X = {xucj | c = 1, . . . , K ′, j = 1, . . . , K ′, u = 1, . . . , U ′} with xucj
is a binary indicator of UAV u traveling from CH c to CH j, xucj = 1 if path is included

in UAV u's trajectory, otherwise, xucj = 0. Also, nc and nj are non-negative integers

[27]. (P3.a) state that each CH is visited exactly once. (P3.b) are the �ow conservation

constraints, i.e., when a UAV visits a CH, then it must depart from the same CH. (P3.c)

ensures that a UAV is used exactly once, and (P3.d) are the MTZ-based subtour elimination

constraints, where degenerate tours not connected to the dockstation are omitted.

Since we assume that the visited locations of the UAVs are directly above the CHs,

then a decided UAV location along the trajectory can be written as wu = [xc, yc, zu], where
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the UAV is above CH c, and zu is the UAV's �ying altitude. Using the obtained solution

X , Cu and Wu can then be deduced.

Brute-force search explores all combinations of routes and it is the most direct solution.

However, it is computationally expensive and its complexity is high. The latter is given by

O

 K′∑
k1=0

Ck1K′ k1!
K′∑
k2=0

. . .
K′∑

kU′=0

 U ′∏
c=2

Ckc
K′−

U′−1∑
j=1

kj

kc!


 , (2.10)

where Cj
c is the combination operation. Also, other proposed exact algorithms are time

consuming and impractical for small computers and micro-controllers [25]. Nonetheless,

approximate and heuristic algorithms are interesting alternatives, especially if resulting

routes are near-optimal. Consequently, we adopt in this chapter two approximate trajec-

tory planning approaches, namely the nearest neighbor (NN) and genetic algorithm (GA).

� Using NN algorithm, a UAV starts by selecting the closest CH as its �rst destination.

In the next steps, the closest CH not yet visited will be selected until all CHs are

visited by the UAV. NN obtains routes quickly; however, their quality depends on

initial locations . Its complexity for our problem is O
(
(K ′ + 1)2).

� Genetic algorithms are introduced to solve combinatorial optimization problems. Sev-

eral papers have used them to obtain the shortest paths in TSPs [28]. For our prob-

lem, the GA pseudo-algorithm is presented in Algorithm 2. GA population is a set

of trajectories for all UAVs, i.e., combinations of {C1, . . . , CU ′} (and {W1, . . . ,WU ′}).
A gene is a CH to be visited. An individual is the U ′ trajectories satisfying (P3.a)-

(P3.d). The parents are combined solutions. The mating pool is a collection of

parents to create the next generation. Fitness tells how short the sum of all trajecto-

ries is. Mutations introduce variations in the population by randomly swapping CHs

in a given trajectory. Finally, elitism carries the best individuals to the next gener-

ation. GA's complexity can be given by O (ζΥ), where ζ is the population size and

Υ the maximum number of generations. These parameters can be controlled with

respect to the solution execution time trade-o�, i.e., large (ζ,Υ) gets near-optimal

solutions at the expense of longer execution times, versus small (ζ,Υ) for sub-optimal

solutions, but in short execution times.
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Algorithm 2 GA Pseudo-Algorithm
1: Create population (i.e., combinations of {C1, . . . , CU ′})
2: Determine �tness

∑U ′

u=1

∑
i∈Cu∪{0} ‖wu,c+1 −wu,c‖

3: Select mating pool (new combinations of {C1, . . . , CU ′})
4: Create next generation using ordered crossover and elitism

5: Use swap mutation to introduce new combinations

6: Repeat steps 1-5 until convergence

7: Return {C1, . . . , CU ′} and associated {W1, . . . ,WU ′}

2.4.2.2 UAVs hover within a range of CHs

A UAV can settle for a further location, but close enough to collect data. This can be seen

as the CH having an aerial coverage area, in which communication to UAVs is successful.

In order to determine the maximum radius of this coverage area for a given UAV altitude,

we solve PUAV
cu = Pc − Λcu.

Lemma 1. Given the altitude z of a UAV, the maximum coverage radius of a CH is

expressed by

R∗(z) =
z

tan [f−1 [Pc − Pth − 20 log (z)− LFS (fc)]]
, (2.11)

where tan(.) is the tangent function, and f−1 is the inverse function of f de�ned as

f(θ) =
νLoS + νNLoS a e

−b(θ−a)

1 + a e−b(θ−a)
− 20 log (sin(θ)) , θ ∈ [0, π]. (2.12)

Proof. For clarity, the designations Λcu, dcu, θcu and zu are simpli�ed into Λ, d, θ and z

respectively. Using (2.3)-(2.5), and d = z
sin(θ)

, we obtain after some mathematical manip-

ulations

Λ = Pc − Pth ⇔

20 log(z)− 20 log(sin(θ)) +
νLoS + νNLoS a e

−b(θ−a)

1 + a e−b(θ−a)

+ LFS(fc) = Pc − Pth ⇔
νLoS + νNLoS a e

−b(θ−a)

1 + a e−b(θ−a)
− 20 log(sin(θ)) = Pc − Pth

− LFS(fc)− 20 log(z). (2.13)

Let the function f(θ) be the left side of the equality (2.13), hence the value of θ that

achieves equality is given by

θ = f−1 (Pc − Pth − LFS(fc)− 20log(z)) . (2.14)
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It is to be noted that due to the complexity of f(θ), the value θ in (2.14) needs to be

determined numerically. Since tan(θ) = z
R
, where R is the coverage radius, (2.11) can be

then obtained.

Now, given the maximum coverage radius of each CH, UAVs can optimize their trajectories

by visiting the edges of CHs' coverage areas. This problem is identi�ed as multiple-TSPN

(mTSPN). To solve this problem, we propose a modi�cation to the original mTSP solution.

Indeed, after obtaining the trajectory among CHs to be visited as previously, we modify the

hovering locations by adjusting them as the closest points on the coverage area edges. For

instance, we assume that UAV u is at coordinates wu = [xu, yu, zu] and that the projection

of the next CH to visit on the UAV's plane has coordinates w̄c = [xc, yc, zu]. The associated

CH's coverage perimeter can be expressed by the function

(y − yc)2 + (x− xc)2 = (R∗(zu))
2. (2.15)

Since the UAV �ies in the direction of the CH to be visited, then the closest point on the

edge of the coverage area is the �rst intersecting point between the line drawn through

locations wu and w̄c and the coverage perimeter.

Lemma 2. Let y = p1 x+ p2 be the line's function, where p1 = yu−yc
xu−xc and p2 = yu− p1 xu.

Then, the coordinates of the hovering location w′u can be given by

w
′
u =

w0
u = [x0, y0, zu], if ‖w0

u −wu‖ ≤ ‖w1
u −wu‖

w
1
u = [x1, y1, zu], otherwise

(2.16)

where x0 =
−q2+
√
q22−q1 q3
q1

, x1 = − q2+
√
q22−q1 q3
q1

, y0 = p1 x0 +p2, y1 = p1 x1 +p2, q1 = p1
2 +1,

q2 = p1(p2 − yc)− xc and q3 = x2
c − (R∗(zu))

2.

Proof. The intersection points between the line drawn through wu and w̄c and the coverage

perimeter satisfy both (2.15) and y = p1 x + p2. Hence, by substituting y of the line's

equation into (2.15), we get after some manipulations

(p1x+ (p2 − yc))2 + (x− xc)2 = (R∗(zu))
2 (2.17)

⇔ x2 (p2
1 + 1)︸ ︷︷ ︸
=q1

+2x (p1(p2 − yc)− xc)︸ ︷︷ ︸
=q2

+x2
c − (R∗(zu))

2︸ ︷︷ ︸
=q3

= 0.

Thus, (2.17) is a polynomial that can be solved as in (2.16).
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Figure 2.2: Convergence of k-means (10 iterations).

2.5 Simulation Results

We assume an area of 10 × 10 km2, populated with N = 500 SNs. We �x the following

parameters γth = 10−4, fc = 2 GHz, c = 3.108 m/s, Pc = 20 dBm and Pth = −100 dBm.

Moreover, we assume that dth
s ∈ [100, 2900] meters and α ∈ [2, 5], hence Ps

σ2 =
(
dth
s

)α · γth.

Also, we consider for GA ζ = 500 and Υ = 1000. Unless otherwise stated, the �ying

altitude of UAVs is 200 m and the environment parameters are for the urban one (a, b) =

(9.6117, 0.739) [23].

In Fig. 2.2, we show how k-means clustering is processed to �nd the locations of CHs,

such as (P1.b) is satis�ed. GivenK ′ = 5, the locations of CHs are updated in every iteration

until the �nal locations are obtained. Identically colored SNs (circles) are associated with

the CH in their region.

Due to initialization randomness, k-means converges often to sub-optimal solutions.

In order to evaluate its in�uence on our system, we run Algorithm 1 for several times

(x100) and for di�erent communication ranges dth
s ∈ [100, 2900]. The results are plotted
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Figure 2.3: Required number of CHs vs. communication range of SNs.

in Fig. 2.3. As shown, with dth
s increasing, a smaller number of CHs is needed. However,

for dth
s < 1000 m, it is critical to have a very large number of CHs in order to guarantee

communications to all SNs. Also, for a given dth
s , K

′ can be di�erent depending on the

obtained locations of CHs. For instance, K ′ has to be between 22-34 CHs for dth
s = 1700m,

to associate all SNs with CHs. In general, dth
s is based on the type of the sensors and

their capability, which will impact the required number of CHs, and consequently a�ect

the deployment costs. Given the SNs capabilities in terms of the communication ranges,

the green curve in Fig. 2.3 indicates the average required number of CHs.

Given U ′ = 1, we compare in Fig. 2.4 the performances of the optimal solution (ob-

tained using Matlab solver), proposed GA algorithm, and NN algorithm, in terms of the

UAV's traveled distance, versus the number of CHs to visit. We assume here that the UAV

hovers exactly above each CH. As K ′ grows, distance traveled increases for all approaches.

This is expected since visiting more CHs inevitably implies traveling longer distances.

Moreover, Matlab solver achieves the shortest traveled distance, while GA follows closely

with only 0% to 3.5% degradation. NN approach presents the worst performance with a

degradation with K ′ up to 12%. Since GA achieves near-optimal performances, it will be

used in the following simulations.
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Figure 2.4: Distance traveled by the UAV vs. number of CHs.

In Fig. 2.5, we compare the distances traveled by UAVs when the latter hover either

exactly above (TSP), or within a range of 1 km from each CH (TSPN). Let dTSP and dTSPN

be the associated UAV's trajectory lengths respectively. As illustrated, TSPN achieves

a shorter distance trajectory, while guaranteeing data collection from all 10 CHs. The

traveled distance gain, de�ned by ρ = 1 − dTSPN

dTSP
, can be calculated as ρ = 15.27% in this

scenario. That means, hovering within a distance of each CH is advantageous in shortening

the distance traveled, and thus the data collection mission time.

In Fig. 2.6, we illustrate the relation between the UAV altitude z and the traveled

distance gain ρ for di�erent environment types. The scenario has 20 CHs, and the environ-

ment parameters (a, b), as de�ned in (2.4), are given within the �gure. Moreover, (2.11)

and (2.16) are used to calculate the maximum coverage radius and the TSPN trajectory,

respectively. As z increases, ρ increases at �rst until reaching a maximum value. The

latter corresponds to the optimal UAV altitude, where CH-UAV communications satisfy

the required Pth. Beyond it, ρ degrades rapidly as z increases. Indeed, a higher altitude

degrades the CH-UAV communication link. The intersection point between any curve and

the X-axis presents the maximum altitude at which the UAV needs to hover exactly above

the CH to collect data (ρ = 0). Above it, transmissions would fail. Also, the traveled
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Figure 2.7: An example of unfair and fair trajectory optimizations with 3 UAVs and 20

CHs.

distance gain ρ is more signi�cant as the environment becomes less urbanized. Indeed,

with better LoS links, communications are tolerated on wider coverage areas. Thus, better

ρ is acheived.
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For the multi-UAV trajectory optimization, considering solely the minimization of the

total traveled distance/time for all UAVs may result in unfair trajectory planing. Thus,

some UAVs will be assigned much more CHs for data collection, and their traveled distance

will be signi�cantly larger than others. Therefore, a practical and cost-e�ective trajectory

design should ensure both fair trajectory planing and minimum total traveled distance.

In order to leverage fairness among multi-UAV trajectories, we propose to utilize the the

standard deviation for traveled distances by all UAV as a fairness metric. Accordingly, we

limit the standard deviation by a threshold δth = 10 km for fair trajectory selection in the

GA algorithm. An example of both fair and unfair optimized trajectory planing is shown

in Fig. 2.7 with their associated distances. Although Fig. 2.7(a) has lower total average

distance than Fig. 2.7(b), the trajectory design might not be a feasible solution, since most

of data collection tasks are conducted by one of the deployed UAVs.
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Figure 2.8: Average distance traveled per UAV vs. number of CHs.

In Figs. 2.8-2.9, we investigate the performance of the multi-UAV system in terms of

average distance traveled per UAV versus the number of CHs K ′, and we compare the

associated standard deviation of the trajectories (δ). As shown in Fig. 2.8, the average

distance traveled increases with K ′. Moreover, as the number of UAVs U ′ grows, the

average distance traveled decreases signi�cantly at �rst, then slowly. This means that

adding a UAV to a system using initially a small number of UAVs is more bene�cial than
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Figure 2.9: Standard deviation of trajectories vs. number of CHs.

to a system using already a large number of UAVs. We notice in Fig. 2.9 that the standard

deviation (solid lines) decreases when U ′ increases, i.e., a system with a higher number of

UAVs would achieve fairer trajectories among UAVs.

Nevertheless, UAVs are usually constrained by their �ight time (alternatively, their

�ight distance), consequently, an optimal but unfair (in terms of trajectory lengths) solution

may not be adequate. Given the fairness limit δth = 10, the performance of fair trajectories

are illustrated in Figs. 2.8-2.9 by the dashed lines. According to Fig. 2.8, average traveled

distance for δ ≤ δth (fair) is higher than in the �rst case (solid lines), for K ′ lower than a

certain value (e.g., K ′ = 85 for 3 UAVs). However, above it, the fair solution outperforms

the �rst one. Indeed, since GA's parameters (ζ,Υ) are �xed andK ′ is increasing, Algorithm

2 can only provide sub-optimal solutions. Meanwhile, the condition δ ≤ δth allows exploring

other solutions that turn out to be more e�cient. In Fig. 2.9, we validate δ ≤ δth in all

scenarios (dashed lines).
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2.6 Conclusion

In this chapter, we proposed a framework for UAV-based WSNs, which aimed to collect

data in the shortest time frame and at the lowest cost, in terms of deployed cluster heads

and UAVs. Speci�cally, we used clustering to optimize the number and locations of cluster

heads. Then, we leveraged heuristic solutions to mTSP and TSPN to obtain optimized

number and trajectories of UAVs. Simulation results provide guidelines for data collection

design in WSNs: the selection of the number of CHs and their clustering has to be carefully

processed. The heuristic GA used to deploy and plan trajectories of UAVs was shown to

be near-optimal with only 3.5% degradation. Data collection times can be minimized by

hovering within a range of visited CHs. Also, the data collection time is a�ected by the

environment and �ight altitude. Finally, the integration of trajectory fairness is bene�cial

in large WSNs. In the following chapter, we will improve the data collection framework

for a heterogeneous IoT network with di�erent priorities and time deadlines while taking

into account the limited onboard energy of the UAVs.
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Chapter 3

Energy-E�cient Multi-UAV Data

Collection for IoT Networks with Time

Deadlines

3.1 Introduction

The vision of future wireless technologies with numerous smart applications and services

has emerged with the Internet of Things (IoT), connecting millions of devices and peo-

ple. IoT sensor networks are a key enabler for novel applications, including smart cities,

connected cars, smart grids, and intelligent transportation. Indeed, the Third Generation

Partnership Project (3GPP) has issued recently several standardization documents to sup-

port IoT in 5G systems (e.g., TR 23.700-20 and TR 23.700-24). Typically, IoT sensors

are low-cost and limited-energy devices with short transmission ranges. In large-scale IoT

systems, the deployment of super-sensors or cluster heads (CHs) to aggregate data from

neighboring sensors is a practical solution to reduce communication overhead and save

sensors' energy. However, even CHs may have a limited communication range, and there-

fore, a large number of CHs/relay nodes are needed to expand the network connectivity.

This work mainly has been published in IEEE Globecom 2020 proceedings: O. Ghdiri, W. Jaafar,

S. Alfattani, J. Ben Abderrazak and H. Yanikomeroglu, �Energy-E�cient Multi-UAV Data Collection

for IoT Networks with Time Deadlines", IEEE Global Communications Conference (Globecom), Taipei,

Taiwan, Dec. 2020, pp. 1-6.
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To tackle this issue given the lifetime constrains of the relay nodes/CHs, a deployment

strategy is proposed in [29]. In this strategy, the minimum number of relay nodes is deter-

mined. Then, the placements of relay nodes/CH are optimized to maximize the network

connectivity within the lifetime constraint.

However, relaying only on a static relay nodes or always maintaining the connection

between CHs and the network center might not be feasible in certain environments even

with optimized deployment strategy of CHs. Therefore, a mobile data collector needs to

be deployed to gather sensed data and sends it to the control center. In that matter, UAVs

can be deployed as data collectors [30], as discussed in the previous chapter. Indeed, UAVs

have been presented as an e�cient tool to solve several wireless communication challenges

[15]. Accordingly, recent 3GPP standards were issued to regulate di�erent aspects of UAV

support in 5G (TR 22.829 and TS 22.125). Due to the agility, strong Line-of-Sight (LoS),

and fast deployment of UAVs, the latter are a relevant option for data collection in IoT

systems [30]. Nevertheless, UAVs have a limited onboard energy and are sensitive to

blockages. Hence, accurate communication channel and power consumption models should

be considered when designing data collection missions. On the other hand, large-scale IoT

networks practically encompass sensors with di�erent priorities, criticality levels, and time-

sensitive usefulness. Consequently, energy-e�cient data collection needs an accurate UAV

deployment and trajectory planning to meet time-sensitive constraints, e.g., time deadlines

for data collection.

Several works proposed UAV-based sensors' data collection. In our previous work [30],

presented in the previous chapter, we proposed collecting data from a clustered wireless

sensor network using one or several UAVs, aiming to minimize the mission costs in terms

of number of clusters and traveled distance by UAVs, while guaranteeing data is collected

from all clusters. In this setting, sensor nodes (SNs) were clustered using a k-means-based

algorithm, and UAV trajectories designed with di�erent approaches, including genetic algo-

rithm and nearest-neighbor. In [31], the problem of minimizing data collecting time from

IoT time-constrained sensors is investigated, where the trajectory of a single collecting

UAV and radio resource allocation are optimized. Moreover, the authors of [32] proposed

joint optimization of wakeup schedule of SNs and a single UAV's trajectory to minimize

the total consumed energy by SNs, while guaranteeing complete data collection from all

of them. Finally, authors in [33] presented a data collection framework, where multiple

UAVs are deployed to collect data from clustered SNs, aiming to minimize the number of

deployed UAVs and their �ight times and distances, with respect to a mission deadline.
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The optimal solution is obtained, which outperforms a benchmark greedy approach. Nev-

ertheless, these works have several limitations. Authors in [30, 31] did not consider energy

restrictions of UAVs, while [32] focused only on single UAV trajectory planning. Finally,

[33] did not account for energy limitations and air-to-ground accurate channel modeling.

Motivated by the aforementioned points, we propose in this chapter a practical data

collection approach for large-scale IoT systems, where multiple UAVs collect sensed data

with di�erent time deadlines. The proposed solution follows a two-step approach. First,

the minimum number of CHs and their locations are determined to guarantee that data

from all SNs is aggregated at the CHs. Then, the number of collecting UAVs and their

trajectories are optimized to minimize the total consumed energy. Finally, the impact of

key parameters, e.g., UAV's battery capacity and data time deadlines, is investigated.

3.2 System Model

In this section, we present, the network and channel models, the data collection model and

the UAV energy model.

3.2.1 Network and Channel Models

Following the system model presented in the previous Chapter, we consider an IoT sensor

network consisting of a set N = {1, . . . , N} of SNs, uniformly randomly located in a large

area and constantly collecting time-sensitive data. In addition, we assume that SNs are

heterogeneous, i.e., sensed data by SNs are of di�erent kind, having di�erent importance in

time. Indeed, some sensed data are more critical and need to be collected faster than other

less-critical data. Due to the limited energy and communication capability of typical IoT

sensors, we assume that a set of K = {1, . . . , K} cluster heads (CHs) can be deployed to

collect, aggregate, and transmit sensed data to the data collector. The data collection tasks

are operated by multiple UAVs, which �y and hover above/close to CHs for a su�cient time

to collect the aggregated data. Fig. 3.1 illustrate the important aspects of the considered

system model.

For modeling the communications between SNs and CHs, we adopt the same models

described by equations (2.1)�(2.2). Similarly, for the channel model between CHs and

UAVs, we utilized the same probabilistic channel model presented in the previous Chapter,
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Figure 3.1: System model of UAV-based data collection in clustered IoT networks with

time deadlines.

which is applicable to di�erent environments. The communication model is described by

equations (2.3)�(2.6).

3.2.2 UAV Data Collection Model

We assume that the mission time, i.e., the maximum time for UAVs to collect data from

CHs and return to their dockstation, is TF and divided into M time slots (TSs). Thus,

TSs are equal and are of length δ = TF
M
. We de�ne the 3D location of UAV u in time slot t

as qtu = [xtu, y
t
u, H]. Since the UAV's speed is limited by vmax, its traveled distance in one

TS is constrained by

||qt+1
u − qtu|| =

√
(xt+1

u − xtu)2 + (yt+1
u − ytu)2 ≤ vmaxδ. (3.1)

In our system, each CH c uploads its data to its associated UAV u at rate Rcu in

bits/second (bps), determined using the Shannon equation as follows:

Rcu ≤ W log2(1 + γcu), ∀c ∈ Ku, ∀u ∈ U , (3.2)

whereW is the total bandwidth of the channel and γcu = P̄cu
σ2 is the SNR, where P̄cu = 10

Pcu
10

is the linear value of Pcu. Accordingly, the required number of TSs to upload one packet
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to the UAV can be expressed by

T1,cu ≈
⌈
Sp
Rcuδ

⌉
, ∀c ∈ Ku, ∀u ∈ U , (3.3)

where Sp is the size of the packet in bits and d·e is the ceiling function. Given Qc data

packets to be transmitted by CH c, then the required data collection time (in TSs) by UAV

u is

Tcu = QcT1,cu ∀c ∈ Ku, ∀u ∈ U . (3.4)

Due to the di�erent priorities of collected data at each CH, we de�ne by Td,c the time

deadline of data stored in CH c, i.e., if not totally collected within this deadline, the data

in the CH becomes outdated and it is dropped. Hence, data collection has to respect the

following constraint, assuming that all packets in one CH are collected by only one UAV
φu(c)∑
m=1

[Tmu + Tf,u(m− 1,m)] ≤ Td,c, ∀c ∈ Ku, (3.5)

where φu(c) designates the rank (i.e. index) of CH c in Ku, Tmu is the data collection time

of CH ranked m in Ku, and Tf,u(m − 1,m) is the �ight time (in TSs) from the hovering

location to collect data from CH ranked (m − 1) to that associated to the CH ranked

m in Ku, with m = 0 designating the dockstation. The �ight time of UAV u between

two locations qu,i and qu,i′ , where i and i′ are two CHs ranks in the UAV path, can be

calculated as follows:

Tf,u(i, i
′) =

||qu,i′ − qu,i||
vu δ

, (3.6)

with vu ≤ vmax is the �ying speed of the UAV (in m/sec).

3.2.3 UAV Energy Model

The UAV is energy-constrained due to limited onboard battery. The battery lifetime

depends on several factors, e.g., UAV's energy source, type, weight, speed, etc. Typically,

the UAV's energy consumption consists of the propulsion energy and the communication

energy. Without loss of generality, communication energy is several orders of magnitude

smaller than propulsion energy. Hence, it is neglected in the considered energy model. For

the propulsion energy, we adopt the propulsion-power model for rotary-wing UAVs in [19]

Pprop,u(vu) = ζI

(√
1 +

v4
u

4v4
0

− v2
u

2v2
0

)1/2

+ ζB

(
1 +

3v2
u

U2
tip

)
+

1

2
d0ψrAv

3
u,

(3.7)
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where ζB and ζI are the blade pro�le power and induced power, respectively. Utip is the tip

speed of the rotor blade, v0 is the mean rotor induced velocity, ψ is the air density, d0 is

the fuselage drag ratio, r is the rotor solidity, and A denotes the rotor disc area. In order

to obtain the power consumption for hovering, we use the same equation above, but with

null �ying speed vu = 0, thus, we get

Phov,u = Pprop,u(vu = 0) = ζB + ζI . (3.8)

Using (3.7)�(3.8), the consumed energy of UAV u during a time period T can be given by

Eu(v, T ) =

Pprop,u(v)× T, if v > 0

Phov,u × T, if v = 0.
(3.9)

Hence, the related battery status at TS t, denoted Su(t), can be expressed by

Su(t) = Su(t− 1)− Eu(v, δ), ∀t > 1, (3.10)

where Su(t − 1) is the battery's status at the end of TS (t − 1), and Su(0) is the initial

battery capacity. The latter is expressed as Su(0) = Sini + Smin, where Sini is the battery

capacity dedicated for the mission, while Smin is a safety capacity, reserved for emergency

pull back to the dockstation. Hence, Su(t) ∈ [Smin, Su(0)].

3.3 Problem Formulation

In this section, we formulate our optimization problem aiming to minimize the total con-

sumed energy for data collection, by optimizing the deployment of CHs, the number of

required UAVs, and their trajectories. Let Ku = |Ku| be the cardinality of the set Ku,
∀u ∈ U . Then, using (3.9), the consumed energy by UAV u during the mission is given by

Eu(Ku) =
Ku+1∑
m=1

[Eu(0, Tmu δ) + Eu(vu, Tf,u(m− 1,m) δ)] , (3.11)
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where Tf,u(Ku, Ku + 1) = ‖qu,Ku − q0‖/vuδ, and q0 is the initial location of all UAVs, i.e.,

the dockstation. Therefore, the optimization problem can be formulated as follows:

min
K,L,{Ac}c∈K
U ,{Ku,Lu}u∈U

U∑
u=1

Eu(Ku) (P1)

s.t. dsc ≤ dth, ∀s ∈ Ac,∀c ∈ K, (P1.a)

Su(t) ≥ Smin, ∀u ∈ U ,∀1 ≤ t ≤ Tu, ∀u ∈ U (P1.b)

φu(c)∑
m=0

(Tmu + Tf,u(m− 1,m)) ≤ Td,c, (P1.c)

‖qtu − qtu′‖ ≥ dsafe,∀t ≥ 1, ∀(u, u′) ∈ U2, u 6= u′ (P1.d)

‖qt+1
u − qtu‖ ≤ vmaxδ, ∀1 ≤ t ≤ Tu, ∀u ∈ U , (P1.e)

where Tu ≤ N is the e�ective mission completion time for UAV u (in TSs), L = {qc}c∈K
is the set of selected locations for CHs, and Lu = {qu,i}i∈Ku is the set of ordered UAV

hovering locations to collect data from its associated CHs.

The objective function is to minimize the total consumed energy by all UAVs, given

their trajectories Lu associated to their sets of CHs Ku. (P1.a) ensures the successful

communication between SNs in Ac and their associated CH c. (P1.b) guarantees that

enough energy is available in the battery to complete the mission at any TS t, while (P1.c)

satis�es the time deadline condition when a UAV collects data from CHs. Also, (P1.d)

imposes a safety distance (dsafe) between UAVs to ensures no collisions occur, and �nally,

(P1.e) limits the �ying distance, for a given vmax.

Problem (P1) is NP-hard. Indeed, in the special case of already deployed CHs, the

problem becomes �nding the best routes for UAVs, while respecting the energy and time

deadlines conditions. The latter can be seen as the capacitated vehicle routing problem

with time windows (CVRPTW) [34]. The CVRPTW can be described as selecting the

routes for a number of vehicles, aiming to serve a group of customers within time windows.

Each vehicle has a limited capacity, which is used to depart from a depot point, serve a

number of customers along its route, then return to the same depot point. The objective of

the CVRPTW is to minimize the total transport costs. Logically, the vehicles, customers,

and transport costs, can be assimilated by the UAVs, CHs, and energy consumption,
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respectively. Since the CVRPTW is known to be NP-hard [34], then by restriction, (P1)

is NP-hard.

3.4 Solution Approach

In (P1), we notice that the optimization of parameters U and {Ku,Lu}u∈U directly depends
on the selected parameters K, {Ac}c∈K and L. Moreover, since their associated constraints

are independent, problem (P1) can be divided into two cascaded problems as follows:

1. First, a problem of sensors clustering and CHs placement, where only K, L, and
{Ac}c∈K are optimized, aiming to minimize the number of deployed CHs is formu-

lated.1

2. Then, given K, L and {Ac}c∈K, a second problem of UAV trajectory planning is

formulated in order to minimize the total consumed energy, through the optimization

of U and {Ku,Lu}u∈U .

Hence, we present next the two described problems and propose e�cient approaches to

solve them.

3.4.1 IoT Sensors Clustering

As previously discussed, clustering and deployment of CHs is an energy-e�cient way for

large IoT sensors network. It will facilitate the scalability of the network and save the

energy of sensor nodes. Several state-of-the-art clustering techniques exist, e.g., k-means

[24], density-based spatial clustering, and hierarchical cluster analysis (HCA) [35]. In

Chapter 2, Algorithm 1 based on k-means clustering was proposed to obtain minimal

deployment of CHs. Here, we introduce an improvement for Algorithm 1. The associated

1This objective has a direct impact on the consumed energy of data collection since a lower number of

CHs would reduce the mission time and energy consumption of UAVs.
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clustering problem can be written as

min
K,L,
{Ac}c∈K

K∑
c=1

M∑
s=1

asc d
2
sc (P2)

s.t. dsc ≤ dth, ∀s ∈ Ac,∀c ∈ K (P2.a)

|Ac| ≤ F, ∀c ∈ K, (P2.b)

where asc ∈ {0, 1} is a binary variable indicating whether SN s is associated with CH c or

not, ∀s ∈ Ac. Constraint (P2.b) guarantees fairness in associating SNs with CHs, where

F is the maximum number of SNs associated with one CH. Finally, |Ac| is the cardinality
of the set Ac.

Conventionally, k-means clustering requires a prede�ned number of CHs. Hence, in [30],

Algorithm 1 solves (P2) without any constraint, then re-executed it iteratively until (P2.a)

is met. Such method is time consuming and inaccurate, as the clustering performance may

vary with the algorithm initialization. Therefore, an improvement to Algorithm 1 is intro-

duced here, by integrating both constraints (P2.a)�(P2.b) into the clustering process. The

proposed approach is presented in Algorithm 3, and described as follows. First, locations

of K = N/F CHs are randomly initialized. Then, each SN is assigned to the closest CH

with respect to (P2.a)�(P2.b). Next, the locations of CHs are updated by calculating the

resulting mean location of associated SNs for each CH. This procedure is repeated until

convergence, i.e., the calculated locations remain unchanged. Since we aim to deploy the

minimal number of CHs, we execute the aforementioned steps for an increasing number of

CHs until a solution to (P2) is obtained, i.e., optimal K is determined.

Although the calculated CHs locations are an adequate solution for (P2), this may not

be the case for the main problem (P1). In this context, we propose further improvement to

the locations of CHs by making them closer to the dockstation. Indeed, CH c has a mobility

margin if its furthest associated SN, denoted s0, respects (P2.a) loosely, i.e., ds0c < dth.

Hence, making the CHs closer to the dockstation would increase the probability to respect

data collection deadlines, shorten the mission time, and improve the energy consumption

of UAVs. This procedure is in lines 32-34 of Algorithm 3.
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3.4.2 Multi-UAV Trajectory Planning

Given K, L, and Ac, ∀c ∈ K, the trajectory planning problem can be formulated as

min
U ,{Lu,Ku}u∈U

U∑
u=1

Eu(Ku) (P3)

s.t. (P1.b)− (P1.e).

As discussed previously, this problem is NP-hard, and can be assimilated to a CVRPTW

problem. In order to solve it, we model our system as a graph, described as follows. Let

G = (D, E) be a complete graph, where D = {0, 1, . . . , K} is a set of vertices (nodes)

representing the dockstation (node 0) and K CHs, and E is the set of directed edges

connecting the nodes. A directed edge from node i to node j, denoted eij, represents the

UAV's �ying operation from i to j and the hovering operation at j. A cost associated

to the edge eij, called χu(eij) = Eu(vu, µ1(eij)) + Eu(0, µ2(eij)), is expressed as the sum

of the UAV's �ying and hovering energy, where µ1(eij) = Tf,u(i, j)δ and µ2(eij) = Tjuδ

respectively, ∀u ∈ U .2 Moreover, the time deadlines at CHs are represented in the graph

by a time window ωc = [oc, vc], where oc and vc are the minimum and maximum instants

for data collection, for each node c ∈ D. This time window de�nes when data collection at

node c can begin and end. Finally, trajectory of UAV u in G can be de�ned by Ku, where
each element of Ku is the ordered node to visit. Accordingly, (P3) can be reformulated as

problem (P4) detailed below:

min
U ,{Ku,
Lu}u∈U

∑
u∈U

∑
i∈D

∑
j∈D

χu(eij) bu,ij (P4)

s.t.
U∑
u=1

∑
i∈D

bu,ij ≤ 1, ∀j ∈ D (P4.a)∑
j∈D

bu,0j =
∑
i∈D

bu,i0 = 1, ∀u ∈ U (P4.b)

j−1∑
i=1

µ1(ei(i+1)) + µ2(ei(i+1)) ∈ [oc, vc], ∀j ∈ Ku (P4.c)∑
i∈D

∑
j∈D

χu(eij)bu,ij ≤ Su(0)− Smin, ∀u ∈ U , (P4.d)

2This is valid assuming that all UAVs are of the same type, i.e., having the same mechanical and

communication characteristics.
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Figure 3.2: Average number of CH vs. dth.

where bu,ij is the binary variable indicating the selection of the edge i− j within UAV u's

trajectory. Constraint (P4.a) ensures that each CH is visited at most once by exactly one

UAV. (P4.b) guarantees that each UAV departs and returns to the dockstation. Condition

(P4.c) emphasizes that the data collection time cannot exceed the time deadline. Finally,

(P4.d) guarantees that the consumed energy by any UAV respects the battery capacity.

Subsequently, problem (P4) can be solved using any of the available CVRPTW heuristic

or metaheuristic approaches, such as gradient descent, simulated annealing, Tabu search,

etc. [36].

3.5 Numerical Results

We assumeM=2000 IoT sensors randomly and uniformly distributed within a geographical

area of 5 × 5 km2. Unless otherwise speci�ed, we use the simulation parameters listed in

Table 3.1.

Fig. 3.2 presents the clustering performance of several algorithms, expressed by the

average number of clusters as a function of communication range, dth (averaging over

100 scenarios of SNs). We consider three clustering algorithms, namely Algorithm 1 [30],
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HCA-based clustering approach [35] and the improved customized k-means-based algo-

rithm Algorithm 3. As dth increases, a smaller number of CHs is needed, as the latter can

be reached by a higher number of SNs. Moreover, Algorithm 3 achieves the best clustering

performance. Indeed, unlike the other algorithms, Algorithm 3 is capable of adjusting the

clusters to constraints (P2.a)�(P2.b) on-the-�y, i.e., while processing the SNs.

In Fig. 3.3, we depict a scenario where Algorithm 3 is used to group 2000 SNs into 48

clusters, from which data is collected using 11 UAVs. We distinguish two variations, Algo.

3 as is, and �Algo. 3 (Short)�, where lines 32�34 are omitted. It is obvious that Algo. 3

would result in a more energy-e�cient data collection, since UAVs would �y for less time,

assuming that they hover directly above each CH to collect data.

For the clustering design of Fig. 3.3, Figs. 3.4�3.5 compare the consumed energy (in

kilojoule), number of visited CHs, and number of deployed UAVs performances, as functions

of the battery capacity, for di�erent UAV trajectory planning approaches, namely Tabu

search (Tabu), simulated annealing (SA), and guided local search (GLS). Performances

of these methods are almost similar, with a preference for Tabu. Indeed, Tabu consumes

less or equal energy to SA and GLS. Also, as the battery capacity increases (above 2250
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Figure 3.5: No. of CHs and UAVs vs. battery capacity.

mAh), the performance saturates, guaranteeing that data is collected from all CHs. Finally,

the optimal battery capacity of 2500 mAh is provided by Tabu, where minimum energy

37



50 100 150 200 250 300
Deadline (sec)

0

50

100

150

200

250

C
o
n
su
m
ed

E
n
er
g
y
(k
J
)

Algo. 3 (Short)
Algo. 3
Algo. 3 (Coverage)

x=90

Figure 3.6: Energy vs. deadline.

0 50 100 150 200 250 300
Deadline (sec)

0

10

20

30

40

50

N
o
.
o
f
v
is
it
ed

C
H

s
a
n
d

d
ep

lo
ye

d
U

A
V

s

Algo. 3 (Short)

Algo. 3

Algo. 3 (Coverage)

No. of visited CHs

No. of deployed UAVs

Figure 3.7: No. of CHs and UAVs vs. deadline.

(=167.9 kJ) and number of UAVs (=12) are achieved.

In Figs. 3.6�3.7, Tabu algorithm performances are depicted as functions of the time

deadline for variations of Algorithm 3. These include �Algo. 3 (Short)� 'and �Algo. 3
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(Coverage)�, where in the latter, UAVs do not hover directly above CHs, but rather within

a covreage range of 180 m from the initial UAV locations de�ned in Algorithm 3. For all

approaches, as the deadline increases, the consumed energy reaches a peak then decreases.

Below this peak, the deadline is very small such that it prevents collecting data from all

CHs as the latter will be outdated, hence, a small number of UAVs is deployed, which

consumes low energy due to short trajectories. In contrast, beyond the peak point, the

deadline is long enough to deploy few UAVs that visit all CHs. The peak point corresponds

to the critical deadline for which the maximum number of UAVs is deployed to collect data

from the CHs. �Algo. 3 (Coverage)� presents the best energy consumption for deadlines

above 90 sec, while visiting and deploying similar numbers of CHs and UAVs as Algo.

3. Indeed, �Algo. 3 (Coverage)� compensates for the prolonged data collecting time and

energy (due to longer distances to CHs) by shorter �ying time and energy. For deadlines

below 90 sec, Algo. 3 performs either better or similarly to �Algo. 3 (Coverage)�, in terms

of energy and number of visited CHs, since hovering exactly above CHs improves the data

transmission and thus respects the deadline. Finally, �Algo. 3 (Short)� presents the worst

performances as it spends more energy to reach CHs at distant locations, or in contrast,

abandon them due to their data becoming outdated.

Table 3.1: Simulation parameters

UAV altitude H=100 m Bandwidth W=10 MHz

UAV speed vu=30 m/sec
Speed

of light
V=3.108 m/sec

Distance

threshold
dth=600 m

Mission

time
Tf=4 min

Carrier

frequency
fc=2 GHz

Environment

parameters

a= 9.61

b=0.16

Time

deadline
Td,c=140 sec

Max SNs

per cluster
F=120

Noise power σ2=�109 dBm Packet size Sp= 1 Kbyte

TS length δ=100 msec Path loss α=2.7

Battery

capacity
Su(0)=3500 mAh

Number

of packets
Qc=50000
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3.6 Conclusion

In this Chapter, we investigated the multi-UAV data collection problem in clustered IoT

networks, where sensed data have time deadlines. Aiming to optimize the data collection

deployment costs in terms of energy consumption, we propose a two-step solution. In the

�rst step, we proposed an algorithm based on k-means clustering to optimize the number

and locations of CHs, which gather data from associated IoT sensors. Subsequently, an

energy-e�cient data collection framework which uses the minimal number of UAVs is pre-

sented; in this framework, the UAV trajectories are de�ned with respect to time deadlines

of collected data and energy constraints. Simulation results show the e�ciency of the pro-

posed customized k-means clustering which outperform baseline approaches. Also, moving

CHs closer to the dockstation provided a signi�cant energy gain. On the other hand, it

is shown that Tabu search achieves the best UAV trajectory design, compared to other

methods. Finally, the impact of the battery capacity and time deadline is studied in terms

of energy consumption, number of visited CHs, and number of deployed UAVs. In the fol-

lowing chapter, we will discuss the integration of a new technology on the communication

payload of aerial and stratospheric platforms that will provide energy-e�cient commu-

nications on several applications including data collection, backhauling and supporting

terrestrial and aerial users.
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Algorithm 3 IoT sensors clustering algorithm
1: Input: N , {qs}s∈N , and maxit %maxit is the max. number of CHs

2: Output: Optimal K, L, and {Ac}c∈K

3: Set k = (|N | ÷ F )

4: for k to maxit do

5: Set L randomly %Initial locations of CHs

6: Set Lold %Set of zeros

7: Set Ac = ∅, ∀c = 1, . . . , k %c indicates the rank of

8: CH in L
9: Set error = dist(L,Lold) %Convergence parameter

10: while error 6= 0 do

11: for s ∈ N do

12: Calculate dsc, ∀c = 1, . . . , k

13: Find c0 = arg(min(dsc))

14: if dsc0 ≤ dth & |Ac0 ∪ {s}| ≤ F then

15: Ac0 = Ac0 ∪ {s} %Associate SN s with

16: CH c0

17: else

18: Ak+1 = Ak+1 ∪ {s} %Put c in set of no

19: association

20: end if

21: end for

22: Set Lold = L
23: Calculate L as the mean location of the associated

24: SNs in Ac, ∀c = 1, . . . , k

25: Calculate error = dist(L,Lold)

26: end while

27: if Ak+1 = ∅ then
28: K = {1, . . . , k}
29: Break

30: end if

31: end for

32: while max(dsc) < dth, ∀s ∈ Ac do

33: Get L closer to the dockstation

34: end while
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Chapter 4

Aerial Platforms with Recon�gurable

Intelligent Surfaces for Beyond 5G

4.1 Introduction

As the world steps into the deployment of 5G, researchers continue addressing the chal-

lenges of ubiquitous connectivity. The role of aerial platforms for wireless networks is an

increasingly important one for meeting the communication requirements of 5G/B5G. In-

deed, the Third Generation Partnership Project (3GPP) has considered aerial platforms

to be a new radio access for 5G (TR 38.811, TR 22.829, and TS 22.125), and several

projects have been initiated to provide ubiquitous Internet services, such as HAPSMo-

bile and Thales Stratobus. Due to their 3D-mobility, �exibility, and adaptable altitude,

This work mainly has been published in IEEE Communications Magazine: S. Alfattani, W. Jaafar, Y.

Hmamouche, H. Yanikomeroglu, A. Yongacoglu, N. Ðào and P. Zhu �Aerial Platforms with Recon�gurable

Smart Surfaces for 5G and Beyond", IEEE Communications Magazine vol. 59, no. 1, pp. 96�102, Jan.

2021.

The term �Smart� is used in the title of the aforementioned paper, since there wasn't a uni�ed name,

and several names were introduced by the researchers. They include: Large intelligent surface (LIS),

recon�gurable intelligent surface (RIS), intelligent re�ecting surface (IRS), recon�gurable meta-surfaces,

Intelligent Re�ectors (IR), Programmable metasurface, Digital coding metasurface, HyperSurfaces etc.

The term �Recon�gurable" stands for the ability of these surfaces to be controlled to give customized

behavior. The term �Smart" is selected in the title of that paper in accordance with previous 3GPP

standards for similar technologies (e.g., TR 22.867, TR 25.842, TR 22.890, TR 36.848). However, most of

the researchers as well as the developing standards recently adopt the term �Intelligent� or the abbreviation

�RIS� for this technology. Thus, we switched to this term.
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aerial platforms can e�ciently support the connectivity of terrestrial and aerial users by

enhancing their capacity and coverage, or even providing backhaul links. Based on their

operation altitudes, we distinguish two main types of aerial platforms, Unmanned Aerial

Vehicles (UAVs) and High Altitude Platform Stations (HAPS). UAVs operate at low alti-

tudes of few hundred meters and act as �exible and agile relays or base stations (UxNB)

(TR 22.829). Their use is generally time-limited, ranging from a few minutes to a few hours

due to limited onboard energy. Alternatively, tethered UAVs can �y for much longer owing

to the continuous supply of power from the tether. By contrast, HAPS operate at higher

altitudes of 8 to 50 km above ground (TR 38.811), with current HAPS projects focusing

on the 20 km altitude. They allow wider coverage areas and longer �ight times compared

to UAVs (e.g., Google Loon's �ight record is 223 days). To further reduce costs and make

aerial platforms more attractive for B5G networks, researchers are constantly searching for

new horizons of improvements, including fuselage materials, battery, fuel, and solar-cell

technologies, as well as enhancing trade-o�s in energy e�ciency (EE) and communication

performance.

From the communication perspective, passive recon�gurable intelligent surface (RIS)

has emerged as a potential substitute for active communication components [10]. RIS is

a thin and �exible metasurface equipped with programmable passive circuits to �re�ect�

received signals in a controlled way. An RIS can then positively exploit the propagation

environment to enhance the quality of a communication link between a transmitter and

a receiver, known as RIS-assisted communication, or to transmit signals more e�ectively,

identi�ed as RIS-initiated communication. E�orts have been made to evaluate and ex-

plore the bene�ts of RIS. For instance, NTT DOCOMO collaborated with Metawave and

demonstrated an increase in data rate of approximately ten times using RIS at 28 GHz

[37]. Other notable initiatives include the VisoSurf consortium for RIS prototyping [38],

and Greenerwave, which is already marketing RIS that operate at frequencies up to 100

GHz.

Considering the opportunities presented by RIS technology, we discuss in this Chapter

a novel paradigm where RIS is deployed in aerial platforms, and propose a control archi-

tecture work�ow for communication, mobility, and sensing. We then describe potential use

cases where RIS-equipped HAPS and UAVs aim to achieve communication objectives, such

as backhauling, coverage extension, low-cost network densi�cation and WSN/IoT data col-

lection. Finally, related challenges are presented. To the best of our knowledge, this is the

�rst work that presents an in-depth discussion of the use of RIS-equipped aerial platforms,
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their control architecture, as well as their potential applications and challenges.

4.2 Overview of RIS in Communications

4.2.1 Background

Researchers have traditionally focused on improvements in hardware and transmission

techniques to enhance link quality between a transmitter and a receiver. This research

stream has sought ways of mitigating the impact of environmental objects on the quality

of wireless signals. However, a di�erent approach has emerged whereby the environment

between transmitters and receivers can be managed to initiate or support wireless com-

munications. For initiated communications, various ambient energy sources, (RF, solar,

etc.), can power ultralow-power electronics to enable sensing functions and backscatter

communications through di�erent environmental objects (see [39] and references therein).

For assisted communications, the idea of controlling surfaces and objects in wireless prop-

agation environments was proposed earlier, around two decades ago. The objective was

to mitigate undesired interference and improve the desired signal through the use of fre-

quency selective surfaces (FSS)1. These FSS resemble bandpass or bandstop �lters, and

they can be integrated into indoor walls. Also, they can be equipped with sensors and

diode switches for �exibly controlled response.

While FSS's key function has been to �lter signals and alleviate interference, another

vision of utilizing the propagation environment is to combine the scatters of the desired

signals and direct them to the targeted users. In this context, passive re�ectors (a.k.a.,

mirrors) consisting of metallic sheets or high conductivity materials have been designed

for indoor and outdoor environments, aiming to enhance the received power. For out-

door environments, authors in [41] suggested using passive re�ectors on top of buildings

to focus re�ected signals from ground base station (gBSs) toward users. Compared to

conventional coverage enhancement approaches, such as relaying and gBSs densi�cation,

passive re�ectors made of low-cost elements o�er �exible deployment, easy maintenance,

and improved EE. Nevertheless, passive re�ectors are constrained by Snell's law of re�ec-

tion, and once designed, they have a �xed response. Hence, they are inherently unable to

accommodate the dynamics of wireless environments. Alternatively, to capture the wire-

less environment dynamicity, �active� surface technologies were proposed in [42], where the

1See a commercial example of FSS in [40].
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walls consist of a massive number of electromagnetically radiating and sensing elements

working as large smart antennas, and regarded as an extension to the massive multiple-

input multiple-output (MIMO) concept. While passive re�ectors utilize material properties

to direct electromagnetic waves, active surfaces require integrating electronics, antennas

and communication circuits in walls to work as full transceivers. Although they might

have better performances, the circuit complexity, material costs, and energy consumption

are higher than for passive surfaces.

Inspired by recent advances in the physics of metasurfaces and meta-materials, pas-

sive RIS technology has been presented as an interesting add-on to various applications

in wireless communications [10]. Metasurfaces are distinct man-made 2D meta-materials,

consisting of thin layers of metallic/dielectric inclusions. Metasurface units can be arranged

in arrays and designed to have peculiar electromagnetic (EM) features with customizable

interactions with the EM waves. Indeed, these units can realize abrupt phase shifts and

anomalous re�ections and refractions, where the phase of the wavefronts can be altered,

a process known as phase discontinuity [43]. Moreover, the re�ected and refracted EM

waves can have an arbitrary direction beyond Snell's law, subject to �the generalized laws

of re�ection and refraction� [43]. To bypass the �xed response of metasurfaces, digital

meta-materials were proposed in [44], where the manipulations of the EM waves were re-

con�gurable by digitally controlling the metasurface units, i.e., switching between di�erent

meta-material responses using biased diodes. Subsequently, an advanced layout is proposed

in [10], wherein a programmable metasurface layer was integrated with an IoT gateway

and a control layer to form a thin �lm, called �HyperSurface tile�, coating surfaces and

environmental objects. Hence, the interaction of the surfaces with the EM waves can be

programmed and controlled remotely via software.

4.2.2 Types of Communications with RIS

Given the capabilities demonstrated in physics for controlling and recon�guring EM waves

with meta-materials, wireless communication researchers have started investigating the use

of RIS in di�erent ways, particularly for RIS-assisted communications and RIS-initiated

communications.
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Figure 4.1: Control architecture of RIS-equipped aerial platforms.

4.2.2.1 RIS-Assisted Communications

Aiming for e�cient delivery of transmitted signals, most research has focused on using

RIS as a relay to enhance the received signal at end-users. Di�erent objectives have been

considered, such as maximizing data rates or spectral e�ciency, extending the coverage

area, mitigating interference, and minimizing consumed energy. For instance, the authors

of [45] showed that by optimizing the RIS phase shifts, quadratic increase in the signal-to-

noise ratio (SNR) is realized, and better spectral e�ciency than relays can be achieved. To

practically substantiate the advantages of RIS-assisted communications, an experimental

testbed was implemented in [46] demonstrating that RIS can solve the coverage-hole prob-

lem caused by obstacles in millimeter-wave (mmWave) networks. Additionally, motivated

by the EE potential of RIS, researchers have focused on supporting energy-constrained

communications. For instance, authors in [47] demonstrated that, even with low-resolution

phase shifters in RIS-assisted communications, EE can be improved by 40% compared to

conventional relaying systems.

4.2.2.2 RIS-Initiated Communications

In contrast to previous works, RIS is being tested as an energy-e�cient and low-complex

transmitter. The idea is to connect the RIS with a nearby RF source and, through phase

shifting, data can be encoded and transmitted. While the reliability of RIS-initiated com-

munications were analyzed in [11], authors of [48] validated through experiments the design
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of a high order modulation RIS-based transmitter, where a digital video �le was modulated

and transmitted through the RIS without requiring �lters, mixers, or power ampli�ers.

4.3 Aerial Platforms with RIS: Integration and Control

Architecture

Most of current research works on RIS are focused on its use in terrestrial environments,

e.g., RIS equipping buildings facades. However, motivated by the numerous aforementioned

RIS capabilities, and the advanced features of aerial platforms, we envision that the usage

of RIS in aerial platforms will o�er great �exibility and support for wireless networks.

Integrating RIS on aerial platforms can be done in several ways depending on the platform's

shape. For instance, the RIS can coat the outer surface of a balloon or an aircraft, or it

can be installed as a separate horizontal surface at the bottom of a UAV, as shown in

Fig. 4.1. The recon�guration of such surfaces can be realized through lumped elements

embedded in the re�ector units or via the distributed control of some material properties.

Examples of lumped elements include PIN diodes [49], varactor (or varicap) diodes [50],

and radio frequency micro-electro-mechanical systems (RF-MEMS) [51, 52]. By tuning the

lumped elements, the resonant frequency of the re�ectors can be changed, hence achieving

the desired wave manipulation and phase shift. To manage high frequency signals, e.g.,

mmWave and free-space optical (FSO) communication, tunable materials such as liquid

crystal [53] and graphene [54, 55] are used to design the metasurface re�ector units.

In order for the RIS-equipped aerial platforms to perform communication functions

properly, the channel information needs to be acquired and the RIS should be accurately

con�gured. The control can be managed at two levels: Ground control station and aerial

platform, as illustrated in Fig. 4.1.

4.3.1 Ground Control Station

This controller consists mainly of a processing unit that analyzes the sensed data from the

aerial platform, and the access control and users localization conditions, acquired through

information exchange with gBSs and/or gateways. Given a set of global policies (e.g., �ying

regulations, power, etc.) and objectives (e.g., coverage, SNR, EE, etc.), the processing unit

ensures the joint management of the aerial platform's �ying and communication functions.
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Moreover, it estimates the channel state information (CSI) and angle of arrival (AoA)

between users and the aerial platform to determine the best RIS con�guration setup.

4.3.2 Onboard Aerial Platform Control

The onboard aerial platform's controller consists of two units, namely the �ight control

unit, and the RIS control unit. The former receives motion commands from the ground

station, and ensures the platform's stabilization. By contrast, the RIS control unit receives

the optimized RIS con�guration, translates it into a switch control map, and applies it to

the metasurface layer for directing incident signals to targeted directions.

4.4 Aerial Platforms with RIS: Potential Use Cases

To demonstrate the potential bene�ts of integrating RIS in aerial platforms, we detail here

several novel integration use cases.

4.4.1 HAPS with RIS to Support Remote Areas

Connecting sparse users or sensors in remote areas via terrestrial networks is deemed to be

expensive and unpro�table to operators due to the high costs of typical gBSs and wired

backhauling infrastructure. Satellites have been proposed to serve remote areas; however,

due to high deployment costs and large communication delays, satellites are considered as

a last resort solution for remote users. Also, due the excessive path-loss, collecting data

from remote low-powered IoT sensors might not be feasible. Alternatively, HAPS have

been introduced as a cost-e�ective solution for remote users connection and data collection

[56, 57].

HAPS are quasi-stationary platforms located in the stratosphere at a �xed point relative

to the earth. Since the wind's speed in this region is weak, low power is required to stabilize

the platform. Moreover, the coverage area of a HAPS is greater than that of a gBS. For

instance, the International Telecommunication Union (ITU) suggested that the HAPS'

coverage radius be up to 500 km (ITU-R F.1500); however, current HAPS projects have

less than 100 km coverage radius to achieve high area throughputs.
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Figure 4.2: HAPS-RIS for backhauling remote gBSs, supporting IoT data collection and

providing inter-HAPS communications.

HAPS are mostly powered by solar/fuel energy, and their �ight duration may vary from

several hours to a few years. The energy consumed by a HAPS is mainly for propulsion,

stabilization, and communication operations. Typically, a HAPS is used in communications

either as a BS (HAPS-BS) or as a relay station (HAPS-RS). Although a HAPS-BS has

more capabilities than a HAPS-RS, it involves a higher cost, a heavier payload, and an

increased energy consumption. When solar cells are used, the harvested energy may not

be su�cient for operations. For this reason, other power sources are added to complement

the solar energy. Nevertheless, the EE of HAPS is still an open problem, which directly

impacts the �ight duration.

In designing a HAPS deployment, low energy consumption, light payload, and reliable

communication need to be achieved. To this end, motivated by the bene�ts of RIS, we

propose using a HAPS equipped with RIS (HAPS-RIS) for wireless tra�c backhauling from
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remote area BSs, and data collection from sparse remote IoT sensors. In addition, it can be

used for inter-HAPS communications. The envisioned scenarios are depicted in Fig. 4.2,

where BSs handle the tra�c of a few clustered users and transmit the tra�c to the HAPS.

Also, these BSs can act as cluster heads, which collect the data of IoT sensors and send it

to the HAPS. Through the HAPS' RIS, the received signals are smartly �re�ected� toward

a gateway station, which is connected to the core network. If a gateway station is not

within the HAPS coverage range, the RIS can be con�gured to �re�ect� the signals toward

another HAPS and thereby reach the gateway station in a dual or multi-hop fashion.

Using HAPS-RIS has several advantages. First, it reduces the used power for commu-

nication functions, since directing signals can be realized in a nearly-passive way, without

RF source or power ampli�ers, and only minimum amount of power is required for the

RIS control unit. Second, since RIS is made of thin and lightweight materials, the HAPS

payload is lighter even if a large number of re�ectors is deployed. Third, given the reduced

communication components and payload, the required stabilization energy is minimized.

The simpli�cation in communication circuits and minimization of consumed energy yield

to extended �ight duration and reduced HAPS deployment costs.

The performance of RIS-assisted communications strongly depends on the number of

re�ectors. The dimensions of a metasurface re�ector unit (a.k.a., meta-atom) are propor-

tional to the wavelength [10]. Typically, a HAPS is a giant aircraft with a length between

30 and 200 m, which has the potential to accommodate a large number of re�ectors, espe-

cially in high frequencies. The large number of re�ectors would have a signi�cant impact

on the directivity gain, hence better SNR performance than HAPS-RS can be achieved

[45]. In terms of energy consumption, the switches on the metasurface layer consume very

low power. A recent experiment showed that each meta-atom consumes 0.33 mW when

its switch diode is set to ON [58]. Thus, for a HAPS with 10,000 meta-atoms, the max-

imal power consumed by the metasurface layer when all switches are activated would be

about 3.3 W, which constitutes a very promising result. Hence, HAPS-RIS is expected

to achieve a better EE than HAPS-RS [47]. Finally, it is worth noting that RIS supports

full-duplex communication [45]. Indeed, unlike relays experiencing high noise and resid-

ual loop-back self-interference, which are issued from active RF components, RIS bypasses

these constraints by only exploiting the intrinsic properties of the re�ecting material. Thus,

HAPS-RIS would be more spectrally e�cient than HAPS-RS. Table 4.1 summarizes the

main di�erences between HAPS-RS and HAPS-RIS communications.
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Table 4.1: Comparison between HAPS-RS and HAPS-RIS for communication

Aspect HAPS-RS HAPS-RIS

Energy

Consumption

Medium

(Process, amplify, and forward

signals)

Very low

(RIS control)

Payload Heavy Light

(Complex circuits: converters,

mixers, ampli�ers and

antennas).

(RIS designed as a thin sheet

�lm coating HAPS outer

surface).

No. of Commun.

Units

Limited by frequency and

energy constraints, and by

allocated space for

communication circuits.

Limited by HAPS's size and

used frequency band.

Performance

(directivity gain)

Good performance; low EE. High EE; performance

depends on RIS size and

recon�guration capability.

Spectral e�ciency Good in full-duplex, but

limited by noise and

self-interference.

High, always full-duplex and

no noise or interference.

Cost High

(Several active components;

short �ight duration)

Low

(Low-cost RIS; extended �ight

duration)

4.4.2 UAVs with RIS to Support Terrestrial and IoT Networks

RIS can be combined with UAVs and their attendant bene�ts, namely, agility, �exibility,

and rapid deployment, to assist terrestrial cellular networks in a cost-e�ective manner.
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Typically, RIS can be carefully mounted on a swarm of UAVs (UxNB-RIS) to create an

intermediate re�ection layer between gBSs and isolated users, as illustrated in Fig. 4.3. In

this way, the UxNB-RIS allows a smooth mechanical movement of the RIS layer, while the

RIS enables digitally-tuned re�ections of incident signals to improve service for isolated

users. Hence, besides its low manufacturing cost, UxNB-RIS can be rapidly deployed to

increase operators' revenue per user by �lling coverage holes and meeting users' high-speed

broadband needs.

Coverage holes or blind spots can occur for various reasons, such as disruption of

some gBSs due to maintenance, failures, or natural disasters. Also, future communication

networks are exploring the use of higher frequencies with wider spectrum bandwidths,

such as mmWave and FSO, to tackle the increasing throughput demands and the spectrum

scarcity problem. A major challenge hindering their widespread use is their vulnerability to

blockages in the propagation environment, which requires perfect line-of-sight (LoS) links

but may create coverage holes in regions with impenetrable blockages. In such a context,

UxNB-RIS, which has a panoramic view of the environment, can provide full-angle 360◦

re�ection and thus can reduce the number of re�ections compared to terrestrial RIS [59].

This approach can also be adopted to deliver new signals to users served by a heavily

loaded gBS, and thus help in balancing the tra�c of congested cells.

Furthermore, as discussed previously in Chapters 1 and 2, UAVs can be e�ectively

utilized for data collection. However, a serious challenge for UAVs utilization, is their

limited on-board energy. To mitigate the energy consumption issue, UxNB-RIS can be

utilized for energy-e�cient data collection. Authors of [60] advocate the use of UxNB-

RIS for IoT data collection for two reasons. First, to reduce the communication delay

and to enhance the freshness of information, since UxNB-RIS requires one time slot while

half-duplex relays on UAVs require two time slots. Second, to reduce the UAV energy

consumption and extends its �ight duration, due to the passive RIS elements compared to

conventional active processing and relaying onboard equipment. From another perspective,

authors of [61] studied the utilization of UxNB-RIS for secure data collection from IoT

sensors, where the transmitted signals by the sensors will be re�ected constructively toward

the main legitimate receiver while destructively combined at the eavesdropper.

Moreover, in the absence of channel knowledge, UxNB-RIS can be used for spatial di-

versity to combat channel impairments (e.g., fading and path-loss). A typical user can

actually receive several copies of the desired signal over di�erent transmission paths gener-

ated by re�ections through the swarm of UxNB-RIS, which enhances the reliability of the
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vulnerability to blockages in the propagation environment,

which requires perfect line-of-sight (LoS) links but may create

coverage holes in regions with impenetrable blockages. In such

a context, UxNB-RIS, which has a panoramic view of the

environment, can provide full-angle 360◦ reflection and thus

can reduce the number of reflections compared to terrestrial

RIS [14]. This approach can also be adopted to deliver new

signals to users served by a heavily loaded gBS, and thus help

in balancing the traffic of congested cells.

In the absence of channel knowledge, UxNB-RIS can be

used for spatial diversity to combat channel impairments (e.g.,

fading and path-loss). A typical user can actually receive

several copies of the desired signal over different transmis-

sion paths generated by reflections through the swarm of

UxNB-RIS, which enhances the reliability of the reception.

Alternatively, fading can be seen as a source to increase the

degrees of freedom. A high-rate data stream can be divided

into many lower-rate streams and transmitted over different

transmission paths using the swarm of UxNB-RIS. Thus, the

user can retrieve independent streams of information with

sufficiently different spatial signatures, resulting in improved

data throughput. It is also worth noting that RIS can absorb a

certain amount of the impinging signals and leverage them to

recharge the UxNB-RIS.

Tethered Balloons with RIS to Support Terrestrial/Aerial Users

UxNB has been viewed as a candidate solution for several

wireless challenges, such as coverage and capacity extension.

Although they have promising advantages, such as flexible

placement and LoS communication links, there are also several

limitations that militate against using UxNB. First, the limited

onboard energy makes UxNB exclusively suitable for short-

term deployments. Second, backhauling from a UxNB is typi-

cally through a wireless link, which has limited reliability and

capacity compared to wired backhauling links. To bypass these

limitations, a tethered UxNB has been recently introduced. The

tether provides the UxNB with both data and power. Thus,

longer flight times and reliable backhaul links are achieved.

However, a tethered UxNB consumes a considerable amount

of energy for flying, hovering and transmitting signals, which

yield to increased deployment and operational costs. A more

cost-effective alternative that we propose here is using a

Tether

RIS controller

Gateway

Core network

UAV-UE
TBAL-RIS

Figure 4. Communications support of terrestrial and aerial users using TBAL-
RIS.

tethered balloon equipped with RIS (TBAL-RIS), as depicted

in Fig. 4.

Inspired by recent works and prototypes that use RIS as

transmitters [10], [11], we point out that TBAL-RIS can be

used as a low-cost wireless access point to connect or enhance

the capacity of urban users. By illuminating the outer surface

of the TBAL-RIS with an RF feeder, the information provided

by the tether data link can be encoded and transmitted. Thus,

the RIS controller adjusts the phases of the reflected signals

to generate different beam directions that can serve multiple

users. Compared to a tethered UxNB, TBAL-RIS has several

advantages. Unlike a small tethered UxNB, a TBAL is large

and can accommodate a higher number of reflectors. Also,

compared to typical gBSs, network densification with TBAL-

RIS in urban environments is more feasible and cost-effective.

Since TBAL-RIS provides near-field communications with

strong LoS links to users, it is expected to provide better

spectral efficiency than MIMO gBSs, considered as a far-

field communication system with many NLoS links, high

interference, and pilot contamination. Furthermore, unlike

down-tilted antennas in gBSs, the TBAL-RIS can sustain

reliable connectivity to UAV users (UAV-UEs) such as delivery

drones. Thus, both terrestrial and aerial users can be served

simultaneously.

Moreover, a TBAL does not continuously drain power for

lifting and hovering, as it uses lifting gases. Although the

altitude of a TBAL is limited by the tether’s length, some

flexibility in its position is available by controlling the tether’s

direction to offer better coverage in certain spots. Besides,

a backhaul fiber optic link along the tether can be installed

to guarantee the TBAL’s connectivity to the core network. A

processing unit is also placed at the TBAL’s launching point to

control its movement, determine the targeted users, and send

the optimum RIS configuration.

CASE STUDY

To emphasize the potential gains when using RIS-equipped

aerial platforms, we present a case study where the communi-

Figure 4.3: Communication support of terrestrial networks with blockages using UxNB-

RIS.

reception. Alternatively, fading can be seen as a source to increase the degrees of freedom.

A high-rate data stream can be divided into many lower-rate streams and transmitted over

di�erent transmission paths using the swarm of UxNB-RIS. Thus, the user can retrieve

independent streams of information with su�ciently di�erent spatial signatures, resulting

in improved data throughput. It is also worth noting that RIS can absorb a certain amount

of the impinging signals and leverage them to recharge the UxNB-RIS.

4.4.3 Tethered Balloons with RIS to Support Terrestrial/Aerial

Users

UxNB has been viewed as a candidate solution for several wireless challenges, such as

coverage and capacity extension. Although they have promising advantages, such as �exible

placement and LoS communication links, there are also several limitations that militate

against using UxNB. First, the limited onboard energy makes UxNB exclusively suitable

for short-term deployments. Second, backhauling from a UxNB is typically through a

wireless link, which has limited reliability and capacity compared to wired backhauling

links. To bypass these limitations, a tethered UxNB has been recently introduced. The

tether provides the UxNB with both data and power. Thus, longer �ight times and reliable

backhaul links are achieved. However, a tethered UxNB consumes a considerable amount
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of energy for �ying, hovering and transmitting signals, which yield to increased deployment

and operational costs. A more cost-e�ective alternative that we propose here is using a

tethered balloon equipped with RIS (TBAL-RIS), as depicted in Fig. 4.4.

Inspired by recent works and prototypes that use RIS as transmitters [11, 48], we

point out that TBAL-RIS can be used as a low-cost wireless access point to connect or

enhance the capacity of urban users. By illuminating the outer surface of the TBAL-RIS

with an RF feeder, the information provided by the tether data link can be encoded and

transmitted. Thus, the RIS controller adjusts the phases of the re�ected signals to generate

di�erent beam directions that can serve multiple users. Compared to a tethered UxNB,

TBAL-RIS has several advantages. Unlike a small tethered UxNB, a TBAL is large and

can accommodate a higher number of re�ectors. Also, compared to typical gBSs, network

densi�cation with TBAL-RIS in urban environments is more feasible and cost-e�ective.

Since TBAL-RIS provides near-�eld communications with strong LoS links to users, it is

expected to provide better spectral e�ciency than MIMO gBSs, considered as a far-�eld

communication system with many NLoS links, high interference, and pilot contamination

[62]. Furthermore, unlike down-tilted antennas in gBSs, the TBAL-RIS can sustain reliable

connectivity to UAV users (UAV-UEs) such as delivery drones. Thus, both terrestrial and

aerial users can be served simultaneously.

Moreover, a TBAL does not continuously drain power for lifting and hovering, as it

uses lifting gases. Although the altitude of a TBAL is limited by the tether's length, some

�exibility in its position is available by controlling the tether's direction to o�er better

coverage in certain spots. Besides, a backhaul �ber optic link along the tether can be

installed to guarantee the TBAL's connectivity to the core network. A processing unit is

also placed at the TBAL's launching point to control its movement, determine the targeted

users, and send the optimum RIS con�guration.

4.5 Related Research Challenges

As the research of RIS in wireless communications is still in its infancy, several challenges

and open problems remain to be addressed. In the following, we discuss some key issues.
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Figure 3. Communication support of terrestrial networks with blockages using
UxNB-RIS.

vulnerability to blockages in the propagation environment,

which requires perfect line-of-sight (LoS) links but may create

coverage holes in regions with impenetrable blockages. In such

a context, UxNB-RIS, which has a panoramic view of the

environment, can provide full-angle 360◦ reflection and thus

can reduce the number of reflections compared to terrestrial

RIS [14]. This approach can also be adopted to deliver new

signals to users served by a heavily loaded gBS, and thus help

in balancing the traffic of congested cells.

In the absence of channel knowledge, UxNB-RIS can be

used for spatial diversity to combat channel impairments (e.g.,

fading and path-loss). A typical user can actually receive

several copies of the desired signal over different transmis-

sion paths generated by reflections through the swarm of

UxNB-RIS, which enhances the reliability of the reception.

Alternatively, fading can be seen as a source to increase the

degrees of freedom. A high-rate data stream can be divided

into many lower-rate streams and transmitted over different

transmission paths using the swarm of UxNB-RIS. Thus, the

user can retrieve independent streams of information with

sufficiently different spatial signatures, resulting in improved

data throughput. It is also worth noting that RIS can absorb a

certain amount of the impinging signals and leverage them to

recharge the UxNB-RIS.

Tethered Balloons with RIS to Support Terrestrial/Aerial Users

UxNB has been viewed as a candidate solution for several

wireless challenges, such as coverage and capacity extension.

Although they have promising advantages, such as flexible

placement and LoS communication links, there are also several

limitations that militate against using UxNB. First, the limited

onboard energy makes UxNB exclusively suitable for short-

term deployments. Second, backhauling from a UxNB is typi-

cally through a wireless link, which has limited reliability and

capacity compared to wired backhauling links. To bypass these

limitations, a tethered UxNB has been recently introduced. The

tether provides the UxNB with both data and power. Thus,

longer flight times and reliable backhaul links are achieved.

However, a tethered UxNB consumes a considerable amount

of energy for flying, hovering and transmitting signals, which

yield to increased deployment and operational costs. A more

cost-effective alternative that we propose here is using a

Tether
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Figure 4. Communications support of terrestrial and aerial users using TBAL-
RIS.

tethered balloon equipped with RIS (TBAL-RIS), as depicted

in Fig. 4.

Inspired by recent works and prototypes that use RIS as

transmitters [10], [11], we point out that TBAL-RIS can be

used as a low-cost wireless access point to connect or enhance

the capacity of urban users. By illuminating the outer surface

of the TBAL-RIS with an RF feeder, the information provided

by the tether data link can be encoded and transmitted. Thus,

the RIS controller adjusts the phases of the reflected signals

to generate different beam directions that can serve multiple

users. Compared to a tethered UxNB, TBAL-RIS has several

advantages. Unlike a small tethered UxNB, a TBAL is large

and can accommodate a higher number of reflectors. Also,

compared to typical gBSs, network densification with TBAL-

RIS in urban environments is more feasible and cost-effective.

Since TBAL-RIS provides near-field communications with

strong LoS links to users, it is expected to provide better

spectral efficiency than MIMO gBSs, considered as a far-

field communication system with many NLoS links, high

interference, and pilot contamination. Furthermore, unlike

down-tilted antennas in gBSs, the TBAL-RIS can sustain

reliable connectivity to UAV users (UAV-UEs) such as delivery

drones. Thus, both terrestrial and aerial users can be served

simultaneously.

Moreover, a TBAL does not continuously drain power for

lifting and hovering, as it uses lifting gases. Although the

altitude of a TBAL is limited by the tether’s length, some

flexibility in its position is available by controlling the tether’s

direction to offer better coverage in certain spots. Besides,

a backhaul fiber optic link along the tether can be installed

to guarantee the TBAL’s connectivity to the core network. A

processing unit is also placed at the TBAL’s launching point to

control its movement, determine the targeted users, and send

the optimum RIS configuration.

CASE STUDY

To emphasize the potential gains when using RIS-equipped

aerial platforms, we present a case study where the communi-

Figure 4.4: Communications support of terrestrial and aerial users using TBAL-RIS.

4.5.1 Accurate RIS and Aerial Channel Models

Most of the existing research works consider RIS with perfect manipulation of the EM

wave and ideal phase shifts. However, there is a paramount need for practical RIS models

that consider the con�guration capabilities and the reliability with di�erent communication

frequencies and diverse numbers and sizes of RIS units.

Furthermore, although several air-to-ground channel models have been developed, in-

tegrating RIS in aerial platforms is a new direction that requires the investigation of new

aerial models that consider RIS capabilities with aerial platforms properties. Some im-

portant factors that could a�ect path-loss models need to be analyzed, such as re�ection

loss, correlation between RIS units, and atmospheric attenuation. Moreover, the mobil-

ity of aerial platforms may cause �uctuations and beam misalignments which have to be

considered, especially for HAPS and high frequency communications.

4.5.2 RIS Deployment on Aerial Platforms' Surfaces

Aerial platforms have di�erent surface shapes and types. They might be �at, like the

bottom of a UAV, or curved, like the outer surface of an aircraft or balloon. How such

an RIS deployment may a�ect metasurface con�guration and performance has not been

investigated yet.
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4.5.3 Benchmarking the Operations of RIS, Relays, and MIMO

Given the considerable di�erences that exist in the operations of RIS, relays, and MIMO,

there is a compelling need to study from the system level viewpoint the trade-o�s that

exist for improved performance, �exibility and cost of deployment, and energy e�ciency,

of these three technologies when integrated with di�erent types of aerial platforms.

4.5.4 Simulation Tools for RIS Behavior

To the best of our knowledge, there is no simulator that considers the complex structures

of metasurfaces and simulates the RIS capabilities and behaviors. Current ray optics

simulators consider conventional re�ectors that adhere to Snell's law and cannot simulate

the RIS ability of adjusting the phases and the re�ection directions of the impinging signals.

The existence of such simulators is important to validate the performance and energy

e�ciency gains when integrating RIS in aerial platforms.

4.5.5 Channel Estimation and RIS Control Update

One of the fundamental assumptions in most current RIS research is the availability of

CSI, which is essential for performing perfect re�ection. However, gaining such knowledge

within the channel's coherence time in typical dynamic wireless environments with mobile

platforms is still an open problem. One solution to this is by incorporating low-cost sensors

in metasurfaces [39], which frequently sense the environment and send measurements to

the controller. The latter computes and sends back the updated optimal RIS con�gura-

tion. Alternatively, the reciprocity of the channel can be exploited to estimate the CSI

for pre-determined phase shifting con�gurations, or machine learning techniques, such as

supervised learning and reinforcement learning, can be leveraged to �nd the optimal RIS

con�guration. However, such techniques require large amounts of data and/or long training

times. Hence, the delay impact due to distance and CSI estimation process merits further

investigation.
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4.6 Conclusion

In this Chapter, we discussed the potential integration of the recent RIS technology into

aerial platforms as a novel B5G paradigm. First, we provided an overview of RIS technol-

ogy, its operations, and types of communication. Then, we proposed a control architecture

work�ow for the integration of RIS in aerial platforms. Potential use cases were discussed

where di�erent types of aerial platforms, namely HAPS, UAVs and TBALs, were exploited.

Integrating RIS in aerial platforms provides several advantages, including energy e�ciency,

lighter payload, and lower system complexity, which results in extended �ight durations

and more cost-e�ective deployment to support wireless networks. However, several issues

need to be tackled for the smooth integration of this novel paradigm. In the next Chap-

ter, we will study in detail the communication performance and the link budget for RIS

integrated on aerial platforms.
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Chapter 5

Link Budget Analysis for Recon�gurable

Intelligent Surfaces in Aerial Platforms

5.1 Introduction

As the �fth generation (5G) of wireless systems are being actively deployed, researchers in

the wireless community started investigating new technologies and innovative solutions to

tackle the challenges and ful�ll the demands of the next generation network (6G). One of

the main challenges consists in energy-e�ciently supporting ubiquitous connectivity with

high data rates. With the inherent limitations of terrestrial environments, non-terrestrial

networks are envisioned as an enabling technology for ubiquitous connectivity in future

wireless communications. Indeed, non-terrestrial networks address several issues, includ-

ing coverage holes and blind spots, sudden increase in throughput demands, and terrestrial

networks failures [4]. Aerial platforms, such as unmanned aerial vehicles (UAVs), high al-

titude platform station (HAPS), and low earth orbit (LEO) satellites, are able to address

these challenges due to their wider coverage footprints, strong line-of-sight (LoS) links, and

�exible deployment compared to terrestrial networks [3, 6, 5]. Moreover, the standardiza-

tion e�orts of the Third Generation Partnership Project (3GPP) aiming to utilize aerial

platforms for 5G and beyond has established a signi�cant progress, as demonstrated by

This work mainly has been published in IEEE Open Journal of the Communications Society: S.

Alfattani, W. Jaafar, Y. Hmamouche, H. Yanikomeroglu and A. Yongacoglu, �Link budget analysis for

recon�gurable smart surfaces in aerial platforms�, IEEE Open Journal of the Communications Society, ,

vol. 2, pp. 1980-1995, 2021.
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the standardization documents TR 38.811 [7], TR 22.829 [8], and TS 22.125 [9]. Further-

more, several commercial projects are either in their initial phases of deployment or under

development, which aim to design di�erent types of aerial platforms capable of supporting

wireless communications. Such projects include Starlink LEO constellation by SpaceX [63],

the Stratobus HAPS by Thales [64], and the Nokia Drone Networks [65]. Nevertheless,

aerial platforms are not yet at their cutting edge technology, and their current size, weight,

and power (SWAP) limitations need to be further improved.

On the other hand, recon�gurable intelligent surfaces (RIS) were recently introduced

as an energy e�cient enabling technology for next generation wireless networks [66]. The

deployment and utilization of RIS in terrestrial networks has been extensively studied, and

several research works and prototypes, as well as industrial experiments, demonstrated the

potential of this technology, which were summarized in [67, 68].

Given the potential spectral and energy e�ciencies of RIS-assisted communications, and

the stringent energy requirements of communications through aerial platforms, equipping

the latter with RIS becomes an attractive solution to the SWAP issue. Indeed, due to the

low-cost and negligible energy consumption of RIS re�ectors, their use in aerial platforms is

expected to support low-cost wireless communications for extended �ight duration. In our

previous work [69], Chapter 4, we discussed the feasibility of integrating RIS into di�erent

types of aerial platforms. We proposed a platform's control architecture, detailed potential

use cases, and exposed the associated challenges. Few other works appeared recently in the

literature that study di�erent aspects of integrating RIS on aerial platforms. In the context

of UAVs only, the authors of [59] showed that using RIS in UAVs enables a panoramic view

of the environment, which can provide full-angle 360◦ signal re�ections compared to 180◦

re�ections in RIS-assisted terrestrial networks. In [70], the authors presented potential use

cases of RIS mounted over UAVs, then discussed the main related challenges and research

opportunities. Similarly, [71] investigated the potential of RIS-equipped UAV swarms,

where a use case was studied to demonstrate the achievable data rate performance of such

systems. The authors of [60] investigated the wireless sensors data collection problem

where sensors are assisted by an RIS mounted over a UAV to reach the collecting sink.

The objective was to maintain data freshness through accurate optimization of the UAV's

location and the RIS phase shifting con�guration. Finally, in the context of LEO satellites,

the authors of [72] investigated the utilization of RIS to support inter-satellite links in the

terahertz (THz) band. The results demonstrate a signi�cant performance improvement in

terms of bit error rate, compared to non-RIS-assisted communications.
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The previous works did not thoroughly investigate the RIS-enabled communication

link, thus link budget analysis for RIS-assisted non-terrestrial networks is still missing.

However, in the terrestrial counterpart, a number of works studied the path-loss model for

RIS-assisted communications [11, 58, 73, 74, 75]. While most of these models are solely

based on mathematical analysis using di�erent approaches, some models are experimen-

tally validated [58]. These studies revealed the existence of two regimes that govern the

performance of RIS-assisted communication systems. The �rst one is the �specular re-

�ection� paradigm, where the path-loss model is analyzed using geometrical optics and

imaging theory, while the second is the �scattering� paradigm, which obeys to the plate

scattering theory and radar cross section analysis. The factors that determine the gov-

erning regime of the RIS-assisted systems are the geometrical size of the RIS units, the

communication frequency, and the distances separating the RIS from the transmitter and

receiver. Typically, when the RIS is within relatively short distances from the transmitter

and receiver or the RIS units are electrically large, e.g., their dimensions are 10 times larger

than the wavelength denoted λ, the path-loss undergoes the specular re�ection paradigm

[11, 58, 76]. Otherwise, i.e, when the distances between the RIS and transmitter or receiver

are very large or the RIS units dimensions are very small, then the RIS-assisted commu-

nication system follows the plate scattering re�ection paradigm [77, 78]. To be noted that

the scattering paradigm can be designated as the far-�eld, whereas the specular re�ection

is often known as the near-�eld.

Due to the speci�c design and environmental characteristics of aerial platforms com-

pared to terrestrial systems, their link budget analysis, when equipped with RIS, is expected

to be di�erent. Nevertheless, this study is necessary to assess the bene�ts of RIS-enabled

aerial platforms. Three major factors impact the feasibility of RIS-enabled aerial plat-

forms, namely the operating frequency or wavelength, the platform's surface area reserved

for RIS, and the operating altitude. Indeed, while higher frequency signals are preferable

for larger capacity links and enabling the deployment of more RIS re�ector units, they are

more vulnerable to path-loss degradation issued mainly from the communication distance

and atmospheric attenuation. Also, larger platform RIS size may lead to a higher re�ection

gain, which may not be realizable for practical platform sizes. Finally, although platforms

operating at higher altitudes might be preferable, due to their larger coverage footprint,

they su�er from excessive propagation losses that may not be compensated even with large

RIS.

Following our vision of RIS integrated on aerial platforms and the attendant bene�ts
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presented in Chapter 4, we aim in this Chapter to provide the link budget analysis of

RIS-enabled aerial platform communication systems under the specular and scattering re-

�ection paradigms. The received power of the system, for di�erent RIS-enabled platforms,

is calculated while taking into account the signal strength losses due to the speci�c char-

acteristics of each platform. To minimize signal losses, we derive the optimal platform

location and feasible maximum number of RIS re�ectors onboard of each platform. Link

budget expressions are then derived for realistic communication conditions, as de�ned in

the 3GPP standards. Finally, numerical results are provided to support the proposed link

budget analysis. The main contributions of this chapter are highlighted as follows:

1. To the best of our knowledge, the performance parameters of RIS-enabled commu-

nications have been derived only for terrestrial networks, and not for non-terrestrial

systems where di�erent signal losses are experienced due to speci�c characteristics of

aerial platforms and atmospheric phenomena. The impact of these factors is taken

into account in this study.

2. For the �rst time, we investigate the link budget analysis for RIS-enabled aerial plat-

form communications given di�erent types of platforms, namely UAVs, HAPS, and

LEO satellites. For optimal performance, we optimize both the platforms' locations

and feasible maximum number of mounted RIS re�ectors.

3. We extend the link budget analysis to more realistic channel conditions, as de�ned in

the 3GPP standards. Related parameters evaluation and link budget analysis have

been carried out by providing numerical results.

The remaining of the Chapter is organized as follows. Section 5.2 discusses the con-

ditions of the re�ection and scattering paradigms, then analyzes the link budget for RIS-

assisted terrestrial networks. Next, Section 5.3 exposes the characteristics of aerial plat-

forms, derives the optimal platform placement for RIS-assisted aerial communications,

and investigates the related link budget under both re�ection paradigm types. Numerical

results for the terrestrial and non-terrestrial RIS-assisted systems are presented and elab-

orated in Section 5.4. Finally, main conclusions of this chapter are summarized in Section

5.5

61



3

RIS-equipped facade

UEs

UEs

Direct link

RIS-assisted link

Figure 1. System model of RIS in a terrestrial environment.

Typically, terrestrial environments are characterized by
blockages that result in high path loss, especially in dense-
urban and urban environments. Accordingly, terrestrial net-
work planning depends on cellular densification, where multi-
ple base stations (BSs) are deployed in a relatively small area
to ensure coverage of all users within the area. But this comes
at the expense of additional costs and inter-cell interference.
To alleviate such inconveniences, the RIS can be deployed on
the facades of buildings and used to either extend the cellular
coverage or improve the signal quality in poorly served areas.
As shown in Fig. 1, the signal forwarded by the RIS from the
BS to the user equipment (UE) can either substitute the direct
link when the latter is absent, or it can be added constructively
to the weak direct link in order to strengthen the received
signal.

A. The Specular Reflection Paradigm

The relation that governs the paradigm of the RIS-assisted
communications has been defined in [24], [31] as follows:

3lim =
2�C
_
, (1)

where 3lim denotes the maximum distance between the RIS
and either the transmitter (Tx) or the receiver (Rx) in the
specular reflection paradigm2, and �C is the total RIS area.

When the length and width dimensions of the RIS units are
large enough (i.e., above 10_), and the distance separating the
RIS from the Tx/Rx is less than 3lim, then the RIS can be
considered in the near-field. In this paradigm, the impinging
spherical wave forms a circular and divergent phase gradient
on the RIS area. Accordingly, the RIS acts as an anomalous
mirror and the two-hop link acts as a one-hop path. Hence, the
distance path loss is affected by the summation of the traveled
distances (i.e., Tx-RIS and RIS-Rx distances), which is known
as the specular reflection paradigm [14], [24], [28].

2An example of (Tx,Rx) in the terrestrial environment is (BS,UE).

For a Tx-RIS (resp. RIS-Rx) distance � ≤ 3lim and a large-
sized RIS (LRIS), where the reflector unit sizes are 10_×10_
m2, the minimum required number of reflectors for specular
reflection, denoted #min, can be calculated as

� =
2�C
_

=
2#min (10_)2

_
= 200_#min ⇔ #min =

�

200_
. (2)

The defined #min will be later used to assess the feasibility of
the RIS using the specular reflection paradigm.

In order to conduct the link budget analysis in this paradigm,
we assume the Tx-Rx communication assisted by a building-
mounted LRIS. Let G(C) be the transmitted signal by the Tx.
Then, the received (noise-free) signal at the Rx, denoted by
H(C), can be written as [14]

H(C) = 0 G(C), (3)

where 0 is the wireless channel coefficient, expressed for the
sake of simplicity with the log-distance path-loss model. The
latter is given by

0 =
√
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(
_

4c30
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+
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)
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where %C , �C , and �A are the transmit power and the trans-
mitter and receiver gains, respectively. Also, 30 denotes the
reference distance, 3; is the distance between Tx and Rx,3

2W = U is the path-loss exponent, and # is the total number of
RIS reflector units. Finally, d8 , 3C8 , 38A represent the reflection
loss of the 8Cℎ RIS reflector, the distance between Tx and RIS
8Cℎ reflector, and distance between the RIS 8Cℎ reflector and Rx,
respectively. Also, \8 and q8 are the corresponding incident and
reflection angles. Now, the received power at Rx, denoted by
%A , can be written as

%A = %C�C�A

(
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For the sake of simplicity, we assume here that the LRIS can
perfectly adjust the desired phase shifts, and that the reflectors
are ideal without any reflection loss, that is,4

\8 + q8 = 0 and d8 = 1, ∀8 = 1, . . . , #. (6)

Moreover, assuming that the variation of 3C8 and 38A is
negligible across the RIS, we have

3C8 + 38A ≈ 23, ∀8 = 1, . . . , #, (7)

where 3 = 3;/2. Hence, the received power can be rewritten
as

%A = %C�C�A

(
_

4c

)2
(
3
(U−2)
0
(23)U

)
(1 + #)2 . (8)

According to (8), the location of the RIS has no impact on
the received power, while the path loss is the dominant factor

3We assume here that the direct link Tx-Rx is a weak link [32].
4In practice, RIS reflection loss depends on the configuration technology

and building materials [17], [33]. Also, since continuous phase shift imple-
mentation is difficult, only a finite discrete set of phase shifts is typically
designed. It has been shown that near-optimal RIS performance can be realized
using a small number of phase-shift levels [34], [35]. In any case, the loss of a
few dB due to the material properties or due to sub-optimal RIS configuration
is insignificant compared to the signal propagation loss [32].

Figure 5.1: System model of RIS in a terrestrial environment.

5.2 Link Budget Analysis for RIS-Assisted Terrestrial

Networks

In the following, we present the link budget analysis for RIS-enabled terrestrial commu-

nications, e.g., RIS mounted on a building. Given the identi�ed specular and scattering

re�ection paradigms, we derive the related received power expressions.

Typically, terrestrial environments are characterized by several blockages, which result

in high path loss, especially in dense-urban and urban environments. Accordingly, terres-

trial network planning relies on cellular densi�cation, where several base stations (BSs) are

deployed in a relatively small area to ensure coverage of all users within the area, at the

expense of additional costs and inter-cell interference. To alleviate such inconveniences,

the RIS can be deployed on the facades of buildings and used to either extend the cellular

coverage or improve the signal quality in poorly served areas. As shown in Fig. 5.1, the

forwarded signal by the RIS, from the BS to the user-equipment (UE), can either substitute

the direct link when the latter is absent, otherwise, be added constructively to the weak

direct link in order to strengthen the received signal.
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5.2.1 The Specular Re�ection Paradigm

The relation that dictates the governing paradigm of the RIS-assisted communications has

been de�ned in [58, 79] as follows:

dlim =
2At
λ
, (5.1)

where dlim denotes the maximum distance between the RIS and either the transmitter (Tx)

or the receiver (Rx) in the specular re�ection paradigm1 , and At is the total RIS area.

When the length and width dimensions of the RIS units are large enough, i.e., above

10λ, and the distance separating the RIS from the Tx/Rx is less than dlim, then the RIS

can be considered in the near-�eld. In this paradigm, the impinging spherical wave forms

a circular and divergent phase gradient on the RIS surface. Accordingly, the RIS acts as

an anomalous mirror and the two-hop link acts as a one-hop path. Hence, the distance

path-loss is a�ected by the summation of the traveled distances, i.e., Tx-RIS and RIS-Rx

distances, which is known as the specular re�ection paradigm [11, 58, 76].

For a Tx-RIS (resp. RIS-Rx) distance D ≤ dlim and a large-sized RIS (LRIS), i.e.,

re�ector units having size 10λ × 10λ m2, the minimum required number of re�ectors for

specular re�ection, denoted Nmin, can be calculated as

D =
2At
λ

=
2Nmin (10λ)2

λ
= 200λNmin ⇔ Nmin =

D

200λ
. (5.2)

The de�ned Nmin will be later used to assess the feasibility of the RIS using the specular

re�ection paradigm.

In order to conduct the link budget analysis in this paradigm, we assume the Tx-Rx

communication assisted by a building-mounted LRIS. Let x(t) be the transmitted signal

by the Tx. Then, the received (noise-free) signal at the Rx, denoted y(t), can be written

as [11]

y(t) = a x(t), (5.3)

where a is the wireless channel coe�cient, expressed for the sake of simplicity with the

log-distance path-loss model. The latter is given by

a =
√
PtGtGr

(
λ

4πd0

)((
d0

dl

)γ
+

N∑
i=1

dγ0ρie
−j(θi+φi)

(dti + dir)
γ

)
, (5.4)

where Pt, Gt, and Gr are the transmit power and the transmitter and receiver gains,

respectively. Also, d0 denotes the reference distance, dl is the distance between Tx and

1An example of (Tx,Rx) in the terrestrial environment is (BS,UE).
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Rx,2 2γ = α is the path-loss exponent, and N is the total number of RIS re�ector units.

Finally, ρi, dti, dir represent the re�ection loss of the ith RIS re�ector, the distance between

Tx and RIS ith re�ector, and distance between the RIS ith re�ector and Rx, respectively.

Also, θi and φi are the corresponding incident and re�ection angles. Subsequently, the

received power at Rx, denoted Pr, can be written as

Pr = PtGtGr

(
λ d

(γ−1)
0

4π

)2(
1

dγl
+

N∑
i=1

ρie
−j(θi+φi)

(dti + dir)
γ

)2

. (5.5)

For the sake of simplicity, we assume here that the LRIS has the capability to perfectly

adjust the desired phase shifts, and re�ectors are ideal without any re�ection losses i.e.3,

θi + φi = 0 and ρi = 1, ∀i = 1, . . . , N. (5.6)

Moreover, assuming that the variation of dti and dir is negligible across the RIS, we have

dti + dir ≈ 2d, ∀i = 1, . . . , N, (5.7)

where d = dl/2. Hence, the received power can be rewritten as

Pr = PtGtGr

(
λ

4π

)2
(
d

(α−2)
0

(2d)α

)
(1 +N)2 . (5.8)

According to (5.8), the path-loss exponent is the dominant factor (e.g., α ≥ 3 in urban

environments [83]). Thus, in typical terrestrial environments, although the received power

enhances quadratically with the number of RIS re�ectors, it degrades at a much higher

rate with the propagation distance.

5.2.2 The Scattering Re�ection Paradigm

Assuming that the Tx-RIS and RIS-Rx distances are large, i.e., higher than dlim, and that

tiny RIS re�ector units are used, i.e., of dimensions between 0.1λ and 0.2λ, then, each

re�ector capturing the transmitted signal behaves as a new signal source that re-scatters

2We assume here that the direct link Tx-Rx is a weak link [80].
3In practice, RIS re�ection loss is dependent on the con�guration technology and building materials

[81, 67]. Also, since continuous phase shift implementation is di�cult, only a �nite discrete set of phase

shifts is typically designed. It is shown that near-optimal RIS performances can be realized using a small

number of phase-shift levels [82, 47]. In any case, the few dB losses due to the material properties or

sub-optimal RIS con�guration is insigni�cant compared to the signal propagation loss [80].
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the signal towards the UE. In this paradigm, known as the scattering re�ection paradigm,

the total e�ect on the transmitted signal is the resultant of the cascaded individual channels

Tx-RIS and RIS-Rx [77, 78, 79].

Typically, RIS-assisted communications under the scattering paradigm is presented as

an alternative path to the degraded direct link due to strong blockages [73]. Accordingly,

the e�ect of the direct link is ignored and the e�ective received signal is only the one

scattered by the RIS. Since in this paradigm, the use of tiny RIS re�ector units is advocated,

we name the RIS by small-sized RIS (SRIS).

To accurately assess the SRIS-assisted terrestrial communications, we present next the

link budget analysis for two channel models, namely the log-distance and 3GPP based

models4

5.2.2.1 Log-distance Channel Model

For the ith re�ector unit of the SRIS, the channel e�ect of the received signal, denoted ai,

is resulting from two cascaded channels, i.e., Tx-ith re�ector and ith re�ector-Rx [77, 78].

The channel coe�cient is given by

ai =
√
PtGtGrhtigirρie

−jφi , i = 1, . . . , N, (5.9)

where φi is the adjusted phase shift of the re�ector, while hti and gir are the complex-valued

coe�cients representing the links between the ith re�ector and both Tx and Rx. The latter

are de�ned by

hti =

(
λ

4πd0

)(
d0

dti

)γ
ejθti , and gir =

(
λ

4πd0

)(
d0

dir

)γ
ejθir , (5.10)

with θti and θir denoting the transmit and receive channel phases, respectively. Following

the generalization to the N re�ectors, the received power can be expressed by

Pr = PtGtGr

(
λ

4πd0

)4

d
(2α)
0

(
N∑
i=1

ρie
−j(φi−θti−θir)

(dtidir)γ

)2

. (5.11)

We assume lossless re�ectors, i.e.,

ρi = 1, ∀i = 1, . . . , N, (5.12)

4Recently, several researchers raised practical concerns about the specular re�ection paradigm and the

use of LRIS [67, 84]. Subsequently, we adopt the practical 3GPP channel model under the scattering

re�ection paradigm only.
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and that

dt ≈ dti and dr ≈ dir,∀i = 1, . . . , N, (5.13)

where dt and dr are reference distances measured between the center of the SRIS and the

Tx and Rx, respectively. Subsequently, the received power can be maximized by coherently

combining the received signals through the N re�ectors, i.e., φi = θti + θir. Hence, the

received power can be written as

Pr = PtGtGr

(
λ

4π

)4
(
d

(2α−4)
0

(dtdr)
α

)
N2. (5.14)

According to (5.14), Pr degrades faster with path-loss than in (5.8), due to the distances

multiplication. Also, Pr is maximized when the RIS is the closest to either Tx or Rx.

5.2.2.2 3GPP Channel Model

RIS in terrestrial environments can be placed on facades of buildings to smartly re�ect

signals toward users. Since such smart buildings are expected to be available in modern

urbanized environments, we assume in the following the urban scenario of the 3GPP stan-

dard model [85]5. The total path-loss for the Tx-SRIS and SRIS-Rx links can be written

as

PL = PLoSPLLoS + PNLoSPLNLoS + PLe, (5.15)

where PLoS and PNLoS are the LoS and NLoS probabilities, PLLoS and PLNLoS are the

associated losses in the LoS and NLoS conditions, and PLe accounts for the extra loss

of indoor users. The latter exhibits a great variability with the building type, location

within the building, and movement in the building. For PLe accurate calculation, we refer

the reader to [86]. Nevertheless, we focus in our system on outdoor users, hence, PLe is

ignored.

The LoS probability in a terrestrial environment between the SRIS and Tx or Rx,

assuming that the heights of the RIS-equipped building and Rx are below 13 m, can be

given by [85, Table 7.4.2-1]

PLoS =


1 if d2D ≤ 18m

18

d2D

+ exp

(
−d2D

63

)(
1− 18

d2D

)
if d2D > 18m,

(5.16)

5Practically, RIS is expected to be implemented where it would bring pro�t to service providers. Due

to high density of customers in urban areas, it is more likely that RIS will be deployed massively in the

urban environment, and may be rarely or never be used in rural environments.
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where d2D is the 2D separating distance (projected on the ground) between the SRIS and

the Tx or Rx, whereas the path-loss for LoS and NLoS links are given as follows [85, Table

7.4.1-1]:

PLLoS = 28 + 22 log(d3D) + 20 log(f) +X (5.17)

and

PLNLoS = max(PLLoS, P̄L
NLoS

) (5.18)

where

P̄L
NLoS

= 13.54 + 39.08 log(d3D) + 20 log(f)

− 0.6 (Hx − 1.5) +X, x ∈ {RIS,Rx}, (5.19)

d3D is the 3D Tx-SRIS or SRIS-Rx separation distance in meters, f is the carrier frequency

in GHz, X is a log-normal random variable denoting the shadow fading, with standard

deviation σ = 4 dB and σ = 7.8 dB for LoS and NLoS links, respectively, and Hx denotes

the SRIS/Rx height. Speci�cally, for the Tx-SRIS link, Hx = HRIS, where HRIS is the

height of the building coated with the RIS, while for the SRIS-Rx link, Hx = HRx, with

HRx is the Rx height.

Accordingly, the received power, in dBm, can be written as

Pr = Pt +Gt +Gr − PLTx−SRIS − PLSRIS−Rx + 20 log (N), (5.20)

where PLTx−SRIS and PLSRIS−Rx are the path-losses for the Tx-SRIS and SRIS-Rx links,

calculated using (5.15).

5.3 Link Budget Analysis for RIS-Assisted Non-Terrestrial

Networks

In this section, we start by presenting the aerial platforms characteristics. Then, we derive

the link budget analysis of RIS-enabled non-terrestrial communications, i.e., when RIS

is mounted on an aerial platform, such as a UAV, a HAPS, or a LEO satellite. Given

the identi�ed specular and scattering re�ection paradigms, we derive the related received

power expressions.
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Figure 2. System model of an aerial platform equipped with RIS.

random variable denoting the shadow fading, with standard
deviation f = 4 dB and f = 7.8 dB for LoS and NLoS links,
respectively, and �G denotes the SRIS/Rx height. Specifically,
for the Tx-SRIS link, �G = �'�( , where �'�( is the height
of the building coated with the RIS, while for the SRIS-Rx
link, �G = �'G , with �'G is the Rx height.

Accordingly, the received power, in dBm, can be written as

%A = %C+�C+�A−%!) G−('�(−%!('�(−'G+20 log (#), (20)

where %!) G−('�( and %!('�(−'G represent the path loss for
the Tx-SRIS and SRIS-Rx links respectively, calculated using
(15).

III. LINK BUDGET ANALYSIS FOR RIS-ASSISTED
NON-TERRESTRIAL NETWORKS

In this section, we start by presenting the aerial platforms
characteristics. Then, we derive the link budget analysis of
RIS-enabled non-terrestrial communications (i.e., when an RIS
is mounted on an aerial platform, such as a UAV, HAPS, or
LEO satellite). Given the identified specular and scattering
reflection paradigms, we derive the related received power
expressions.

A. Aerial Platforms Characteristics

Three types of aerial platforms can be used to host RIS
technology, namely UAVs, HAPS nodes, and LEO satellites.
These platforms are usually deployed at different altitudes
and target different coverage areas. Specifically, UAVs are
deployed around 100 m altitude (and can operate up to
300 m [40]), to serve an area below 5 km radius [41],
[42]. By contrast, HAPS nodes are quasi-stationary platforms
positioned in the stratosphere at an altitude between 17 and
50 km. However, most HAPS projects target an altitude of
20 km due to its preferred atmospheric characteristics for the
platform stability and communication quality [2]. Thus, HAPS
systems have a much wider footprint than UAVs that spans
from 40 to 100 km for high throughput [2], [43] and can go up
to 500 km according to the International Telecommunications
Union (ITU) [44]. Finally, LEO satellites orbit the earth at

an altitude between 400 and 2,000 km, with an orbital period
between 88 and 127 minutes [6]. Accordingly, LEO satellites
have the largest coverage footprint. Nevertheless, the coverage
area significantly depends on the satellite’s altitude, elevation
angle, and coverage scheme (i.e., whether it uses a spot or
wide communication beam). Consequently, the LEO satellite’s
footprint has a radius between hundreds and thousands of
kilometers [45]–[47]. To communicate with UAVs and HAPS
nodes, UE can use the same device as it would to communicate
with a terrestrial BS. However, different equipment is needed
to communicate with LEO satellites, since they require LEO
tracking, either mechanically or electronically, in order to
compensate for the satellite motion and achieve a reliable
communication [6].

In addition to the aforementioned characteristics, the phys-
ical size of the aerial platform is crucial to enable hosting the
RIS. UAVs have the smallest size, and hence can dedicate only
a small area for RIS. On the other hand, two types of HAPS are
identified, namely the aerostatic HAPS and the aerodynamic
HAPS. Aerostatic HAPS nodes, especially airships, are giant
platforms whose lengths are typically between 100 and 200 m,
whereas aerodynamic HAPS nodes have wingspans between
35 and 80 m [2]. Finally, the size of current LEO satellites
is less than 10 m [48], [49]. Since HAPS nodes and LEO
satellites are typically equipped with solar panel arrays, a part
of the platform surface can be used to mount RIS equipment.

B. The Specular Reflection Paradigm

When the Tx and Rx7 are separated by a relatively long
distance, an aerial platform equipped with an LRIS can be used
to assist the communication. Specifically, the Tx transmits
its signal to the LRIS-equipped aerial platform. Then, the
LRIS smartly reflects the incident signal towards the Rx, as
illustrated in Fig. 2. Hence, the received noise-free signal in
the specular paradigm is identical to the one in (3), whereas
the channel effect is expressed using the free-space path-loss
formula as

0 =
√
%C�C�A

(
_

4c

) #∑
8=1

d84
− 9 (\8+q8)

3C8 + 38A
, (21)

where the LoS wireless link component is predominant, i.e.,
the path-loss exponent U = 2W = 2. By following the same
assumptions as in (12)–(13) and adopting a similar phase-shift
configuration as in (6), the received power can be given by

%A = %C�C�A

(
_

4c

)2
#2

(3C + 3A )2
. (22)

Unlike (8), the parameters _, # , and (3C + 3A ) have the
same scaling law for the received power improvement or
degradation.

One of the distinct features of aerial platforms compared
to terrestrial networks is their flexibility of placement, which
allows to further enhance the system performance.

7Notice that Tx and Rx in the non-terrestrial communication context can
be different according to the aerial platform used. For instance, (Tx, Rx) can
be (BS, UE) for a UAV, or it can be (Gateway, UE) for a HAPS platform or
a LEO satellite. A HAPS UE might be a mobile, vehicular, or fixed cellular
user device, whereas a LEO has a fixed UE such as a household receiver [9].

Figure 5.2: System model of an aerial platform equipped with RIS.

5.3.1 Aerial Platforms Characteristics

Three types of aerial platforms are advocated to host the RIS technology, namely, UAVs,

HAPS and LEO satellites. These platforms are usually deployed at di�erent altitudes and

target di�erent coverage areas. Speci�cally, UAVs are deployed around 100 m altitude (and

can operate up to 300 m [87]), to serve an area below 5 km radius [15, 88]. On the other

hand, HAPS are quasi-stationary platforms positioned in the stratosphere at an altitude

between 17 and 50 km. However, most HAPS projects are targeting the 20 km altitude due

to its preferred atmospheric characteristics for the platform stability and communication

quality [3]. Thus, HAPS has a much wider footprint than UAVs, that spans from 40 to

100 km for high throughput [3, 89] and can go up to 500 km according to the International

Telecommunications Union (ITU) [90]. Finally, LEO satellites orbit around the Earth at

an altitude between 400 and 2000 km, with an orbital period between 88 and 127 minutes

[7]. Accordingly, LEO satellites have the largest coverage footprint. Nevertheless, the

coverage area signi�cantly depends on the satellite's altitude, the elevation angle, and

the coverage scheme, .i.e, whether it is using a spot or a wide communication beam.

Consequently, the LEO satellite's footprint has a radius between hundreds and thousands

of kilometers [91, 92, 93]. To communicate with UAVs and HAPS, a UE can use the same

device as to communicate with the terrestrial BS. However, a di�erent equipment is needed

to communicate with LEO satellites, since it requires LEO tracking, either mechanically

or electronically, in order to compensate for the satellite motion and achieve a reliable
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communication [7].

In addition to the aforementioned characteristics, the physical size of the aerial platform

is crucial to enable hosting the RIS. UAVs have the smallest size, and hence can dedicate

only a small area for RIS. On the other hand, two types of HAPS are identi�ed, namely

the aerostatic HAPS and the aerodynamic HAPS. Aerostatic airships are giant platforms

and their length is typically between 100 and 200 m, whereas aerodynamic HAPS have a

wingspan between 35 and 80 m [3]. Finally, the size of current LEO satellites is less than

10 m [94, 95]. Since HAPS and LEO satellites are typically equipped with arrays of solar

panels, a part of the platform surface can be used to mount an RIS equipment.

5.3.2 The Specular Re�ection Paradigm

When the Tx and Rx6 are separated by a relatively long distance, an aerial platform

equipped with a LRIS can be used to assist the communication. Speci�cally, the Tx

transmits its signal to the LRIS-equipped aerial platform. Then, the LRIS smartly re�ects

the incident signal towards the Rx, as illustrated in Fig. 5.2. Hence, the received noise-free

signal in the specular paradigm is identical to the one in (5.3), whereas the channel e�ect

is expressed using the free-space path-loss formula as

a =
√
PtGtGr

(
λ

4π

) N∑
i=1

ρie
−j(θi+φi)

dti + dir
, (5.21)

where the LoS wireless link component is predominant, i.e., the path-loss exponent α =

2γ = 2. By following the same assumptions as in (5.12)�(5.13) and adopting a similar

phase shift con�guration as in (5.6), the received power can be given by

Pr = PtGtGr

(
λ

4π

)2
N2

(dt + dr)2
. (5.22)

Unlike (5.8), the parameters λ, N , and (dt + dr) have the same scaling law for the received

power improvement or degradation.

One of the distinct features of aerial platforms compared to terrestrial networks is their

placement �exibility that allows to optimize the system's performance.

6Notice that Tx and Rx in the non-terrestrial communication context can be di�erent according to the

used aerial platform. For instance, (Tx, Rx) can be (BS, UE) for a UAV, or it can be (Gateway, UE) for a

HAPS platform or a LEO satellite. A HAPS UE might be a mobile, vehicular or �xed cellular user device,

whereas LEO has a �xed UE such as a household receiver [63].
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Proposition 1. Given that Tx and Rx are collinearly separated by distance dl = 2d, and

that the aerial platform is located at altitude HRIS and horizontally separated from the Tx

by a distance r, i.e., dt =
√
H2
RIS + r2 and dr =

√
H2
RIS + (2d− r)2, then, the optimal

placement of the aerial platform under specular re�ection is given by

r∗ = d, (5.23)

i.e., the platform is placed over the perpendicular bisector of the segment Tx-Rx at altitude

HRIS.

Proof. The specular equivalent path-loss distance, denoted dsp, can be written as

dsp = dt + dr =
√

(H2
RIS + r2) +

√
H2
RIS + (2d− r)2. (5.24)

To maximize Pr, we need to minimize dsp through nulling its �rst derivative, i.e,

∂dsp
∂r

=
r√

r2 +H2
RIS

− 2d− r√
(2d− r)2 +H2

RIS

= 0, (5.25)

from which we obtain r∗ = d. When substituting this solution in the second derivative of

dsp,
∂2dsp
∂r2

, we get

∂2dsp
∂r2

=
H2
RIS

(
(r2 +H2

RIS)
3
2 +

(
(2r − r)2 +H2

RIS

) 3
2

)
(
(2d− r)2 +H2

RIS

) 3
2 (r2 +H2

RIS)
3
2

(r=d)
=

2H2
RIS

(d2 +H2
RIS)

3
2

. (5.26)

Since ∂2dsp
∂r2

> 0, then r∗ = d is the optimal value that minimizes dsp.

Accordingly, the maximal received power can be calculated using (5.22) for r∗ = d as

follows:

P ∗r = PtGtGr

(
λ

4π

)2
N2

4(H2
RIS + d2)

. (5.27)

5.3.3 The Scattering Re�ection Paradigm

Similarly to Section III, the scattering re�ection paradigm is investigated for two channel

models, namely the log-distance and the 3GPP models.
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5.3.3.1 Log-distance Channel Model

Similarly to the SRIS-assisted terrestrial network, the received power at the Rx in the

scattering paradigm can be expressed using (5.14) for α = 2, i.e.,

Pr = PtGtGr

(
λ

4π

)4(
N

dtdr

)2

. (5.28)

Unlike the specular paradigm where the optimum aerial platform location is over the

perpendicular bisector of segment Tx-Rx, the best platform location under the scattering

paradigm is expected to be di�erent due to the cascaded channel e�ect.

Proposition 2. Given that Tx and Rx are collineraly separated by distance dl = 2d, and

that the aerial platform is located at altitude HRIS and horizontally separated from Tx by

a distance r, then, the optimal placement of the aerial platform under scattering re�ection

is given by

r∗ =

d±
√
d2 −H2

RIS if d ≥ HRIS

d otherwise.
(5.29)

Proof. The scattering equivalent path-loss distance, denoted dsc, can be expressed through

d2
sc = (dtdr)

2 =
(
H2
RIS + r2

) (
H2
RIS + (2d− r)2) . (5.30)

To maximize Pr, it is required to minimize d2
sc by nulling its �rst derivative as follows:

∂d2
sc

∂r
= 4r3 − 12dr2 +

(
8d2 + 4H2

RIS

)
r − 4dH2

RIS = 0. (5.31)

By solving (5.31), we obtain the follwing roots:

r∗ =


d+

√
d2 −H2

RIS

d−
√
d2 −H2

RIS

d.

(5.32)

The second derivative is given by

∂2d2
sc

∂r2
= 12r2 − 24dr + 8d2 + 4H2

RIS, (5.33)

in which we substitute the roots of (5.32). Consequently, we �nd that (5.33) is positive only

when {r = d and d ≤ HRIS} or {r = d±
√
d2 −H2

RIS and d ≥ HRIS}. These (r, d) values

dictate the best aerial platform locations that provide the maximal received power.
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Physically speaking, Proposition (2) implies that under the scattering re�ection paradigm,

when the height of a platform is larger than its designed coverage radius, the platform

should be placed in the mid-point between the Tx and Rx. However, when the targeted

coverage radius is larger than the platform's height, two optimal locations can be used,

which are being close to either the Tx or the Rx.

By substituting the result of (5.32) in (5.30) then (5.28), the received power at Rx can

be written as

P ∗r = PtGtGr

(
λ

4π

)4
N2

(d∗sc)
2
. (5.34)

where d∗sc is the equivalent path-loss distance for the optimal platform location, given by

d∗sc =

H2
RIS + d2 if d ≤ HRIS

2HRISd otherwise.
(5.35)

Unlike (5.22), the impact of H, d, and λ, is more important than N in (5.34), due to

the scattering e�ect.

5.3.3.2 3GPP Channel Model

For a fair comparison with RIS-assisted terrestrial communications, we investigate here the

link budget analysis for RIS-enabled aerial platforms with realistic 3GPP channel models.

In what follows, given that platforms operate at di�erent altitudes and thus may experience

di�erent attenuation phenomena, we study separately the link budget for RIS-equipped

UAV, and for RIS-equipped HAPS or LEO satellite.

� The UAV-based Model:

The RIS-enabled UAV is envisioned to cooperate with terrestrial BSs to support terres-

trial users. It can tackle the coverage holes problem or increase the capacity of terrestrial

users by re�ecting the BSs' signals towards users [69]. In such context, it is acceptable

to consider the 3GPP channel model between terrestrial BSs and UAVs [87]. Due to the

relatively low altitude of UAVs, the latter are generally assumed in full LoS conditions.

Consequently, the path-loss in rural and urban environments7 can be given by [87, Table

7In contrast to RIS-assisted terrestrial communications where RIS deployment is expected to be con-

centrated in urban areas, RIS-equipped aerial platforms have the necessary �exibility to be utilized in both

urban and rural areas.
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B-2]

PLrural = max [23.9− 1.8 log10(Hx), 20] log10(d3D)

+ 20 log10(
40πf

3
) +X, x ∈ {UAV,UE} (5.36)

and

PLurban = 28 + 22 log10(d3D) + 20 log10(f) +X, (5.37)

where Hx, d3D, f , and X are de�ned as in (5.17)�(5.19), except that X has a log-normal

distribution with standard deviation given by

σ =

4.2 e(−0.0046 Hx) in rural environment,

4.64 e(−0.0066 Hx) in urban environment.
(5.38)

Subsequently, the received power in dBm can be expressed by

Pr = Pt +Gt +Gr − PLTx−UAV − PLUAV−Rx + 20 log (N), (5.39)

where PLTx−UAV and PLUAV−Rx are the path-losses for the Tx-UAV and UAV-Rx links,

calculated using either (5.36) or (5.37), depending on the considered environment.

� The HAPS/LEO based Model:

The support of future wireless networks through HAPS and LEO satellites is envisioned

for both rural and urban areas [3, 6]. To assess the performance under these di�erent en-

vironments, the LoS probability is required. Based on the elevation angle of the aerial

platform regarding the terrestrial Tx or Rx, denoted ϑ, the LoS probability can be esti-

mated for di�erent environments using [7, Table 6.6.1-1]. For the sake of simplicity and

convenience, we propose to substitute [7, Table 6.6.1-1] by a LoS probability function,

de�ned as

PLoS = b1ϑ
b2 + b3, (5.40)

where bi, i = {1, 2, 3} are parameters that depend on the environment, and are determined

in Table 5.1. The accuracy of (5.40) is validated in Fig. 5.3, where it is shown to agree with

the results of [7, Table 6.6.1-1]. Subsequently, the path loss in LoS and NLoS conditions,

denoted PL, can be written as

PL = PLoSPLLOS + PNLoSPLNLOS, (5.41)
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Table 5.1: Parameters of HAPS/LEO LoS probability model (5.40)

Parameter Dense Urban Urban Rural

b1 0.04235 9.668 -99.95

b2 1.644 0.547 -0.5895

b3 27.32 -10.58 104.1
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Figure 5.3: LoS probability of HAPS/LEO vs. elevation angle (di�erent environments).

where Py and PLy, y ∈ {LoS,NLoS}, are de�ned as in (5.15). The signal path between

a HAPS/LEO and a terrestrial Tx or Rx undergoes several stages of propagation and

attenuation. Speci�cally, the path losses PLy, y ∈ {LoS,NLoS}, are composed as follows

[7]:

PLy = PLyb + PLg + PLs + PLe, y ∈ {LoS,NLoS}, (5.42)

where PLyb is the basic path loss, PLg is the attenuation due to atmospheric gasses, PLs

is the attenuation due to either ionospheric or tropospheric scintillation, and PLe is the

building entry loss, expressed in dB.

PLyb accounts for the signal's free-space propagation (FSPL), clutter loss (CLy), and

shadow fading (Xy), i.e.,

PLyb = FSPL+ CLy +Xy, y ∈ {LoS,NLoS}, (5.43)
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Table 5.2: Average clutter loss and shadow fading standard deviation in the Ka-band

Parameter Dense Urban Urban Rural

CLNLoS 38.6 38.6 23.15

σLoS 1.75 4 1.15

σNLoS 14.7 6 10.75

where

FSPL = 32.45 + 20 log10(f) + 20 log10(d3D), (5.44)

with d3D is the 3D distance between the HAPS/LEO and the terrestrial Tx or Rx, expressed

as a function of the HAPS/LEO altitude Hz, z ∈ {HAPS,LEO} and the platform's eleva-

tion angle ϑ as follows:

d3D =
√
R2
E sin2(ϑ) +H2

z + 2HzRE −REsin(ϑ), (5.45)

where RE denotes the Earth radius. The clutter loss, CLy, represents the attenuation

caused by buildings and environmental objects. Its value depends on ϑ, f , and the en-

vironment type. In LoS conditions, CLLoS = 0, while for NLoS, the CLNLoS values of

[7, Tables 6.6.2-1 to 6.6.2-3] can be used for the typical Ka spectrum band, i.e., between

26.5 and 40 GHz. Finally, Xy is a log-normal distribution with standard deviation σy,

y ∈ {LoS,NLoS}, which values are determined in [7, Tables 6.6.2-1 to 6.6.2-3]. For the

sake of simplicity, we present the average parameters values in Table 5.2.

PLg is the attenuation caused by absorption due to atmospheric gases. Its value de-

pends mainly on f , ϑ, and d3D. According to [7], the atmospheric gases e�ect is negligible

for f ≤ 10 GHz. However, for higher frequency bands that are suitable for the RIS opera-

tion with a large number of re�ectors, the selection of frequency windows with minimum

atmospheric e�ect is important. In addition to the aforementioned factors, PLg depends

on the dry air pressure p, water-vapour density ξ, and temperature T [96]. An illustrative

example is shown in Fig. 5.4 for di�erent Tx-Rx link lengths, selected for typical distances

between HAPS and Tx or Rx (20 and 100 km) and between a LEO satellite and Tx or Rx

(1000 km). The related parameters (p, ξ and T ) are selected based on the mean annual

global reference atmosphere, i.e., p = 101300 Pa, ξ = 7.5g/m3, and T = 15◦C [97]. The

PLg calculation is carried out using the steps detailed in [96].

Finally, the scintillation loss PLs is caused by rapid �uctuations of the received signal

amplitude and phase. There are two types of scintillation losses, namely the ionospheric
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Figure 5.4: Attenuation due to atmospheric gases PLg vs. frequency (di�erent path

lengths).

scintillation and the tropospheric scintillation. The former has only signi�cant disruptions

for signals at frequencies below 6 GHz, whereas the latter a�ects only signals in frequencies

above 6 GHz. The impact of the ionospheric scintillation is only signi�cant for latitudes

ranging in [−20◦, 20◦], and ignored elsewhere [7]. It can be calculated as detailed in [98].

Speci�cally, the ionospheric scintillation is derived from the measured peak-to-peak �uc-

tuation as follows:

PLs =
PF√

2
, (5.46)

where PF is the peak-to-peak �uctuation, equal to 1.1 dB for f = 4 GHz, and calculated

by the following equation for f ≤ 6 GHz:

PF (f≤6 GHz) = PF (f=4 GHz) · (f/4)−1.5. (5.47)

Since high frequency bands are advocated for the RIS-enabled HAPS/LEO platforms,

tropospheric scintillation is taken into account in the path-loss model. Speci�cally, the

wireless signal �uctuations are due to sudden changes in the refractive index caused by

temperature, water vapor content, and barometric pressure variations. Also, low elevation

angles (especially below 5◦) are signi�cantly a�ected by the scintillation loss, due to the
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Figure 5.5: Scintillation loss PLs vs. elevation angle.

longer path of the signal and wider beam width. The value of the tropospheric scintillation

loss is seasonal and regional dependent. We refer the reader to [99] for the detailed calcula-

tion steps. As an illustrative example of typical power attenuation level, the tropospheric

attenuation with 99% probability at 20 GHz in Toulouse, France is tabulated in [7, Table

6.6.6.2.1-1] for di�erent elevation angles. For the sake of simplicity, we model the related

tropospheric scintillation loss by

PLs = 14.7 ϑ(−1.136), ϑ ∈ [0◦, 90◦], (5.48)

which is a valid approximation of [7, Table 6.6.6.2.1-1] as shown in Fig. 5.5.

Subsequently, the received power in dBm at Rx can be expressed by

Pr = Pt +Gt +Gr − PLTx−HL − PLHL−Rx
+ 20 log (N), HL ∈ {HAPS,LEO}, (5.49)

where PLTx−HL and PLHL−Rx are calculated using (5.41).

The link budget analysis of Section III is summarized in Table 5.3 below.
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Table 5.3: Link Budget Summary
Scenario Size of RIS re�ector Channel Model Link Budget Dominant parameter(s)

LRIS-assisted terrestrial communication

(Specular paradigm)
10λ× 10λ Log-distance Eq. (5.8)

d, λ and N (for α = 2)

d (for α > 2)

SRIS-assisted terrestrial communication

(Scattering paradigm)
[0.1λ× 0.1λ, 0.2λ× 0.2λ]

Log-distance

3GPP

Eq. (5.14)

Eq. (5.20)

λ (for α < 4)

λ, dt, and dr (for α = 4)

f

LRIS-assisted non-terrestrial communication

(Specular paradigm)
10λ× 10λ Log-distance Eq. (5.27) λ, N , HRIS and d

SRIS-assisted non-terrestrial communication

(Scattering paradigm)
[0.1λ× 0.1λ, 0.2λ× 0.2λ]

Log-distance

3GPP (UAV)

3GPP (HAPS/LEO)

Eq. (5.34)

Eq. (5.39)

Eq. (5.49)

λ

f

f

Table 5.4: Typical parameters of di�erent types of platforms.

Platform
Altitude

(HRIS)

Coverage radius

(d)

RIS area

(At)

Terrestrial 5 m 0.5 km 5 × 10 m2

UAV 200 m 2 km 0.25 × 0.25 m2

HAPS 20 km 50 km 40 × 20 m2

LEO 500 km 500 km 5 × 10 m2

5.4 Results and Discussion

In this section, we evaluate the received power for di�erent RIS-mounted platforms, and

the impact of several parameters is investigated. Based on the unique features of each

platform, as discussed in Sections II and III, we assume typical values of altitude, coverage

radius, and RIS area for each platform, as shown in Table 5.4. Moreover, we consider the

height of the terrestrial Tx HTx = 25 m, while the receiver's height is HRx = 1.5 m.

5.4.1 Impact of the Number of Re�ectors and Environment Type

Given the selected platform, the type of mounted RIS re�ectors is of great concern, since

di�erent communication paradigms can be followed, with di�erent costs. According to

[78], the cost is expected to be approximately proportional to the RIS size and number of

RIS re�ector units. Consequently, larger re�ectors, with dimensions above 10λ× 10λ and

operating in the specular re�ection paradigm, are more expensive than small re�ectors, i.e.,
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with dimensions lower than 0.2λ×0.2λ, thus operate in the scattering re�ection paradigm.

Hence, the maximal number of re�ectors to install on a platform, denoted Nmax, is limited

by the reserved area on the platform for the RIS At and the re�ector's size Ar = c1λ× c2λ,

where c1λ > 0 and c2λ > 0 are the length and width of a re�ector unit, respectively. Their

relation is de�ned by

Nmax =
At
Ar

=
At

c1c2λ2
. (5.50)

In order to emphasize the potential gains of using RIS-equipped platforms, we consider

that a communication between a terrestrial Tx and a terrestrial Rx is assisted by an

RIS-equipped platform, namely a building facade, a UAV, a HAPS, or a LEO satellite,

characterized as in Table 5.4. For the sake of simplicity, we assume that Tx and Rx

are located at the edges of the platform's coverage footprint, i.e., within a distance 2d.

Moreover, due to the �exibility of aerial platforms, we assume that they are placed at the

optimal location according to the considered re�ection paradigm, while the terrestrial RIS

is assumed at the middle point between Tx and Rx8. The operating frequency f = λ/c = 30

GHz (Ka-band), where c is the light's velocity in m/s, the receive antenna gain Gr = 1 (i.e.,

0 dBi), and the path-loss α = 4 for the terrestrial communication. Finally, the following

transmit/receive parameters are set as follows for the log-distance channel model: Transmit

power Pt = 40 dBm and transmit antenna gain Gt = 1 (i.e., 0 dBi). For the 3GPP model,

Pt and Gt are �xed according to the related standards. Speci�cally, for the terrestrial and

UAV systems, we assume that Pt = 35 dBm and Gt = 8 dBi [85], while for the HAPS and

LEO systems, we set Pt = 33 dBm and Gt = 43.2 dBi [7].

Given the specular re�ection paradigm, Fig. 5.6 presents the received power as a

function of the number of re�ectors, for di�erent platforms. We notice that for UAVs

and LEO satellites, the minimum required number of re�ectors for specular re�ection

is larger than the maximum number of re�ectors that can be placed on the platform's

surface. Therefore, specular re�ection cannot be achieved for RIS-equipped UAVs and LEO

satellites for the speci�ed coverage areas. This is due to the limited available RIS area over

UAVs and to the relatively high operating altitude of LEO satellites. However, specular

re�ection can be realized using RIS-equipped HAPS or terrestrial environments. Indeed,

this is realizable due to the clear LoS links to/from the HAPS, and to the relatively short

communication distances in terrestrial environments. As it can be seen, Nmin = 27, 000

re�ectors for HAPS provides coverage in a 100 km circular area at Pr = −64 dBm. For

8This assumption for the terrestrial RIS is justi�ed by the fact that the latter cannot be moved over

time to be placed at a more adequate location, given that Tx and Rx locations may change.
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Figure 5.6: Received power vs. number of re�ectors (di�erent platforms; specular re�ection

paradigm).

a smaller coverage footprint, it is expected that a lower number of re�ectors is used.

Although a small number of re�ectors is required in the terrestrial environment for the

specular re�ection, the received power is worse than in the HAPS scenario. This is due

to degraded terrestrial communication channels, compared to LoS wireless links for the

RIS-equipped HAPS. Accordingly, HAPS is the preferred RIS mounting platform in the

specular re�ection paradigm.

For the scattering re�ection paradigm, we present in Fig. 5.7 the received power as a

function of the number of re�ectors, for di�erent platforms. For readability purposes, we

show only the results corresponding to the 3GPP channel models where di�erent types of

environments are studied, namely dense urban, urban, and rural. Given the same number of

re�ectors, the RIS-equipped UAV system achieves the best power performance due to short

distances and cleared LoS wireless links. Moreover, the related performance gap between

the rural and urban environments is very small, of about 2 dB. For a number of re�ectors

close or equal to Nmax, the LEO system has the worst received power performance, which

signi�cantly degrades for more urbanized environments. In contrast, the HAPS system

realizes the best Pr values for a number of re�ectors near or equal to Nmax. This is valid
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Figure 5.7: Received power vs. number of re�ectors (di�erent platforms and environment

types; scattering re�ection paradigm).

even when the environment becomes densely urbanized, despite a noticeable HAPS system

performance degradation that the latter may compensate using a higher number of RIS

re�ectors or by reducing its coverage footprint, i.e., Tx and Rx are closer. Consequently, it

is interesting to highlight that the RIS-equipped LEO system may require further redesign

in order to be feasible, while the HAPS coverage footprint needs to be adjusted according

to the environment type of the served area.

5.4.2 Impact of the Carrier Frequency

As shown in Table 5.3, the carrier frequency is a dominant parameter in the link budget

analysis. Although using higher frequencies enables high capacity links and addresses

the spectrum scarcity issues, these frequencies, such as millimeter wave and terahertz,

may su�er from an important signal attenuation. Nevertheless, high frequencies enable

designing small-sized re�ectors, which can be integrated in a very large number to small

areas. Eventually, the large number of re�ectors may thwart the signal attenuation.

In Fig. 5.8, we evaluate the received power as a function of the carrier frequency, for

the same communication model introduced previously. Here, we assume that each plat-
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Specular reflection

Scattering reflection

Figure 5.8: Received power vs. carrier frequency (di�erent platforms).

form hosts the maximal number of re�ectors Nmax, and that link budget analysis for the

scattering re�ection paradigm is realized for the log-distance channel model for comparison

purposes. The results show that in both specular and scattering re�ection paradigms, the

HAPS system provides the best performance due to its large surface area that accommo-

dates the highest number of RIS re�ectors. On the other hand, the RIS-equipped UAV

performs worse than the terrestrial RIS under the specular re�ection paradigm because of

its small surface area, which accommodates a very small number of re�ectors. In particular,

when f ≤ 12 GHz, the UAV, with dimensions 0.25×0.25 m2, cannot host a single re�ector.

Given the scattering re�ection paradigm, all platforms demonstrate stable performance for

any carrier frequency. Indeed, by combining (5.50) into (5.14) and (5.34) respectively, we

obtain the maximal received power, expressed by

Pmax
r = PtGtGr

(
λ

4π

)4
A2
t

(c1c2λ2)2 (dtdr)
α

=
PtGtGr

(4π)4

(
At
c1c2

)2
1

(dtdr)
α , (5.51)

for the terrestrial environment. However, for the non-terrestrial one, (if d ≤ HRIS) Pmax
r
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Figure 5.9: Received power vs. carrier frequency (di�erent platforms and environment

types).

is expressed as

Pmax
r = PtGtGr

(
λ

4π

)4
A2
t

(c1c2λ2)2 (H2
RIS + d2)

2 (5.52)

=
PtGtGr

(4π)4

(
At
c1c2

)2
1

(H2
RIS + d2)

2 ,

otherwise (i.e., d > HRIS),

Pmax
r =

PtGtGr

(4π)4

(
At
c1c2

)2
1

(2HRISd)2 . (5.53)

According to (5.51)�(5.53), the received power is no longer dependent on the frequency (or

the wavelength), but rather on At, c1 and c2.

Fig. 5.9 illustrates the received power as a function of the carrier frequency, given

di�erent RIS-equipped platforms and environment types. These results are obtained using

the 3GPP channel models for the scattering re�ection paradigm, i.e., (5.20), (5.39) and

(5.49). Also, we assume the use of the maximal number of re�ectors Nmax, dry air at-

mospheric attenuation, and an average tropospheric scintillation of 0.5 dB for the HAPS

and LEO systems. We notice that both the terrestrial and UAV systems received powers

are insensitive to frequency. Indeed, the frequency attenuation is successfully addressed
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through the deployment of a higher number of re�ectors, since Nmax increases with f . In

contrast, HAPS and LEO systems performance are a�ected by frequency, and deeply by

the atmospheric attenuation at speci�c frequency ranges. Nevertheless, some spectrum

regions present a stable received power behaviour, such as below 40 GHz, and in 150-350

GHz and 500-700 GHz bands. The latter can be fully exploited for high capacity com-

munications. Finally, depending on the operating frequency band and environment (dense

urban, urban, or rural), one of the systems may be more suitable than the other ones, e.g.,

the RIS-equipped HAPS is the most interesting one in rural areas for most of the frequency

bands.

5.4.3 Data Rate Evaluation and Impact of Platform Location

For the following simulations, we consider the same assumptions as in Fig. 5.7. Subse-

quently, (5.20), (5.39) and (5.49) can be used to evaluate the received power. The related

data rate is calculated as

R = Bw log2

(
1 +

Pr
PNF

)
, (5.54)

where Bw denotes the bandwidth, F stands for the noise �gure, and PN refers to the noise

power, given by

PN = KTBwF, (5.55)

where k = 1.38× 10−23J.◦K−1 is the Boltzmann constant and T is the temperature in ◦K.

According to [7], when aerial networks operate in frequency bands f ≥ 6 GHz, Bw can be

up to 800 MHz in both uplink and downlink, while F = 7 dB.

Assuming that each platform is using Nmax re�ectors and that Bw = 100 MHz, we

depict in Fig. 5.10 the resulting data rates as a function of the receiver gain Gr. Since

typical user equipment or an IoT sensor have Gr ≤ 5 dBi, both RIS-equipped terrestrial

and HAPS systems can directly support the downlink communication to users, due mainly

to their large RIS areas. However, RIS-equipped UAV and LEO satellite are unable to do

the same due to the small RIS area in UAVs and the excessive propagation loss through

LEO satellites. Alternatively, mounting RIS over UAVs and LEO satellites may be used

to support inter-UAVs and inter-satellites communications [72]. Also, a swarm of RIS-

equipped UAVs can be utilized to assist the communications cooperatively [69, 71].

The platform placement has an important impact on the data rate performance. Unlike

LEO satellites that orbit around the Earth, the UAV and HAPS can be placed at a �xed
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Figure 5.10: Data rate vs. receiver antenna gain.

position above the intended coverage area. However, due to wind and turbulence, these

platforms may drift from the initial position, thus degrading the communication's perfor-

mance. To assess such an e�ect, we present in Fig. 5.11 the data rate performance as a

function of ν = 2 − r
d
, the normalized horizontal Rx-RIS distance. Moreover, we identify

the optimal aerial platform location as calculated by (5.32) and the one provided by the

simulations. Here, we assume that Gr = 0 dBi, while the remaining parameters are as for

Fig. 5.10.

As discussed earlier, the optimal placement of the RIS-equipped aerial platform is

dependent on the latter's altitude HRIS and coverage radius d. For the RIS-equiped UAV,

the obtained optimal UAV location r∗ that achieves the highest data rate (red dot) agrees

with that of (5.32) (blue circle), for any environment type. For the RIS-equipped HAPS,

we distinguish between two cases, namely for d = 50 km and d = 10 km. In both cases,

the optimal simulated HAPS locations and those of (5.32) agree in the rural environment,

but the latter drift away as the environment becomes urbanized. This is mainly due to the

additional shadowing and NLoS links e�ects in the 3GPP model of urban environments,

which were ignored in the calculation of (5.32). Moreover, this location gap is larger for

d = 10 km due to a higher shadowing impact. For the terrestrial networks, the best location

is either being the closest to Tx or Rx, with a preference for Tx. Indeed, since the BS (at
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Figure 5.11: Data rate vs. normalized Rx-RIS distance ν (di�erent platforms and environ-

ment types).

altitude 25 m) has a strong LoS link towards the RIS, the received signal is slightly better

than being the closest to Rx (at altitude 1.5 m).

When an RIS-equipped HAPS operates in a rural environment, drifting from its initial

location would have a small impact on the communication's performance. However, for a

more urbanized environment, the data rate signi�cantly degrades when the HAPS moves

towards the middle of the Tx-Rx segment. The terrestrial RIS achieves the highest per-

formance at optimal locations. However, due to its deployment in�exibility, it may not

perform often at its best due to the varying Tx and Rx locations. In any case, when de-

signed to assist cellular networks, deploying the RIS the closest to the BSs would eventually

guarantee operating at near-optimal performance.

5.4.4 Outage Probability Analysis

The links between the presented aerial platforms and the terrestrial terminals are subjected

to random variations due to shadowing and blockages. The instantaneous received power
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at a terrestrial terminal can be generally written as

Pr = Pr +X, (5.56)

where Pr is the average received power, de�ned as

Pr = Pt +Gt +Gr − (PLTx−RIS + PLRIS−Rx) + 20 log(N), (5.57)

where PLTx−RIS and PLRIS−Rx denote the average path-loss of links between the RIS-

equipped aerial platform and the transmitter and the receiver, respectively. Also, X rep-

resents the resulting shadow fading of both links. It is modeled as a zero-mean normal

distribution with a standard deviation σs =
√
σ2
Tx−RIS + σ2

RIS−Rx. The probability density

function (pdf) of the received power can be written as

f(Pr) =
1

σs
√

2π
exp

(
−(Pr − Pr)2

2σ2
s

)
, Pr ≥ 0. (5.58)

Accordingly, the outage probability can be obtained from the cumulative distribution func-

tion (cdf) as

Pout = P(Pr ≤ x) =

∫ x

0

f(Pr) dPr = 1− 1

2
erfc

(
x− Pr
σs
√

2

)
, (5.59)

where x re�ects the receiver sensitivity and erfc(x) = 2√
π

∫∞
x

exp(−t2) dt is the complemen-

tary error function.

Using the 3GPP models under scattering re�ection paradigm (Table 5.3) with the char-

acteristics of aerial platforms (Table 5.4) and same assumptions as in Fig. 5.7, we depict in

Fig. 5.12 the cdf of the received power at user terminals with 0 dB gain, and assisted by RIS

mounted on di�erent aerial platforms in various environments. For any aerial platform,

as the receiver's sensitivity degrades, i.e., x increases, the outage probability increases.

This performance degradation is more signi�cant in highly urbanized environments due to

higher shadowing loss. Nevertheless, the outage performance gap between rural and urban

is more noticeable for HAPS-RIS assisted communications than UAV-RIS assisted ones.

The outage probability performance depends on the coverage area of the aerial plat-

form. To analyze the impact of the coverage area, we illustrate in Fig. 5.13 the outage

performance as a function of the coverage radius. For these simulations, we assume a re-

ceiver power sensitivity P th
r = −115 dBm. From Fig. 5.13, an outage probability lower

than 10% requires a coverage radius below 0.5 km for a terrestrial RIS and below 1 km for

a UAV-RIS, respectively, whereas a HAPS-RIS can support an area between 40 km and

80 km in radius (≈ 80 times larger than for a terrestrial RIS). This demonstrates the high

potential of deploying RIS on HAPS compared to the other alternatives.
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Figure 5.12: cdf of the received power at ground terminals assisted by RIS-equipped aerial

platforms (di�erent environment types).
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Figure 5.13: Outage probability vs. coverage radius for RIS-assisted communications (dif-

ferent environment types).
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5.5 Conclusion

In this chapter, we conducted the link budget analysis for the envisioned RIS-equipped

aerial platforms, namely UAVs, HAPS, and LEO satellites. Through literature overview,

we identi�ed two re�ection paradigms, i.e., specular and scattering. For each re�ection

paradigm, we discussed its realization conditions, then we derived the associated optimal

RIS-equipped platform location that maximizes the received power. Numerical results

provided important insights on the design conditions of RIS-assisted communications:

� The scattering paradigm is gaining more interest in the research community than the

specular one due to its practical accuracy.

� The RIS-equipped HAPS presents superior performance in di�erent types of environ-

ments, compared to terrestrial and other aerial platforms supported communications.

� The received power performance is limited by the sizes of the RIS surface and re�ec-

tor.

� When using the maximal number of re�ectors in a surface, the link budget of the

scattering re�ection paradigm becomes independent from the carrier frequency.

� Supporting ground users with RIS-equipped UAVs and LEO satellites might not be

feasible. Nevertheless, RIS can be used to assist inter-UAV or inter-LEO communi-

cations. Also, a swarm of RIS-equipped UAVs can support terrestrial users.

� The best RIS-equipped platform location signi�cantly depends on the operating al-

titude, coverage footprint, and environment type.

� Finally, unlike other RIS assisted communications, HAPS-RIS assisted ones sustain

the best outage probability/coverage performances in any type of environment.

Based on the aforementioned �ndings and the distinct features of HAPS-RIS, we will

further explore and investigate in the next chapter the potentials of HAPS-RIS for com-

plementing current terrestrial networks. To be noted, this study focused on the feasibility

of the communication links while ignoring the impact of the channel estimation overhead,

which also deserves further studies.
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Chapter 6

Beyond-Cell Communications via

HAPS-RIS

6.1 Introduction

One of the main goals of future wireless network is to provide ubiquitous connectivity (i.e.,

wireless connectivity to everyone and everything, everywhere, every time at an a�ordable

rate) [100]. Ubiquitous connectivity can be achieved in urban areas through the dense

deployment of base stations (BSs), including small cells. However, with increasing num-

bers of users and hampered by severe shadowing, blockages, and non-line-of-sight (NLoS)

links, even ultra dense networks cannot support all users in an urban area. Further, de-

ploying a large number of BSs inevitably leads to high capital expenditures (CAPEX) and

operational expenditures (OPEX) [101].

Recent studies have proposed deploying recon�gurable intelligent surfaces (RIS) around

BSs as an energy-e�cient solution to overcome severe shadowing and blockage e�ects [102].

Also, RIS are seen as energy-e�cient alternative to active antenna architecture such as re-

The main contents of this chapter have been produced in two papers: 1) A paper accepted in IEEE

Global Communications Workshops (Globecom) 2022: S. Alfattani, A. Yadav, H. Yanikomeroglu, and

A. Yongacoglu, �Beyond-Cell Communications via HAPS-RIS�, IEEE Global Communications Workshop

(Globecom Workshop) , 04�08 December 2022, Rio de Janeiro, Brazil.

2) A paper under review in in IEEE Wireless Communications Letters: 9. S. Alfattani, A. Yadav, H.

Yanikomeroglu, and A. Yongacoglu, �Resource-e�cient HAPS-RIS enabled beyond-cell communications�,

under review in IEEE Wireless Communications Letters (submission: 20 Jul 2022, 1st results: 16 Sep

2022, 2nd submission: 27 Oct 2022).
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lays [69, 12]. However, the deployment of RIS in terrestrial networks involves several

challenges, including in�exible deployment and weak wireless channel conditions due to

shadowing, blockages and NLoS links. In addition, dynamic and unpredictable network

tra�c generates unprecedented data rate demands, which can overload some BSs. Accord-

ingly, even an optimized deployment of BSs and RIS in urban areas might be unable to

cope with the dynamic demands.

To overcome these issues, we proposed in chapter 4 integrating RIS with non-terrestrial

networks (NTN). Due to the limited energy on aerial platforms, integrating RIS with

NTN is more appealing than integrating them in terrestrial networks. In that chapter,

we also discussed several bene�ts of RIS-aided NTN, including energy and cost savings,

favorable wireless channel conditions, strong LoS links, a wider coverage area, and �exible

placement. In chapter 5, we provided a detailed link budget analysis of di�erent RIS-aided

aerial platforms, such as unmanned aerial vehicles (UAVs), high altitude platform station

(HAPS) nodes, and low Earth orbit (LEO) satellites, and we compared that to RIS-aided

terrestrial networks.

As we also showed in chapter 5 and [103], the typical large size of a HAPS allows the

accommodation of a large number of re�ecting units. Thus, it can outperform other aerial

RIS-aided systems, such as UAV-RIS. Therefore, motivated by the aforementioned �nd-

ings, we propose in this chapter a novel beyond-cell communications approach involving

an HAPS equipped with RIS (HAPS-RIS). This approach works in tandem with legacy

terrestrial networks by o�ering service to unsupported users whose quality-of-service (QoS)

requirements cannot be ful�lled by legacy networks. In our proposed scheme, unsupported

users are connected to a dedicated control station (CS) via a HAPS-RIS. The main con-

tributions in this chapter include, but are not limited to, the following:

� We formulate four novel optimization problems, including throughput maximization,

worst user rate maximization, and re�ecting units usage minimization to design op-

timal power and RIS unit assignment strategies for the users supported through

beyond-cell communications. Also, A novel resource-e�cient optimization problem

that maximizes the percentage of connected UEs while minimizing the usage of RIS

units and transmit power is presented.

� We present thorough numerical simulation results, which indicate that beyond-cell

communications complement legacy terrestrial networks well and enhance the total
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number of users served. The percentage of users that satisfy the QoS requirements

increases while the required number of terrestrial BSs decreases.

� We also provide important insights about the di�erent allocation schemes. For in-

stance, by conceding a small degradation (1%) in the system sum rate, the worst

user rate maximization-based allocation scheme maximizes the fairness among the

users and increases the rate of the worst user (∼15%). Moreover, by increasing the

CS power by 1 dB, the size of the HAPS or the required number of re�ectors is

decreased by ∼11%.

� For the resource-e�ciency problem, since the resulting problem is a mixed-integer

nonlinear program (MINLP) and hard to solve, a low complexity two-stage algorithm

is proposed to solve it.

� Finally, through numerical results, we study the impact of HAPS size and QoS re-

quirements of UEs on the percentage of connected UEs and demonstrate signi�cant

improvements in RE of the system.

The remainder of the chapter is organized as follows. Section 6.2 presents the system

model for all user equipment (UE), whether connected to a BS or supported by a HAPS-

RIS. Section 6.3 details the problem formulations for di�erent system objectives. The

proposed solutions are discussed in Section 6.5, while the numerical results are presented

and discussed in Section 6.7. Finally, Section 6.8 concludes the chapter.

6.2 System Model

We consider a downlink transmission scenario in an integrated terrestrial and non-terrestrial

wireless network consisting of a single HAPS with a coverage area that includes L base

stations (BSs) and K single-antenna UEs (e.g., smart phones, sensing nodes or IoT devices,

etc.). The HAPS is located in the center of the coverage area at an altitude of 20 km1, and

it is equipped with the RIS with a total of Nmax re�ecting units. Since the antennas of BSs

are down-tilted to serve terrestrial UEs, we consider the HAPS coverage area also includes

a dedicated high-directional antenna gain transceiver, known as the ground CS. The CS is

connected to the core network with the primary aim of supporting unserved UEs via the

1Generally, HAPS systems are quasi-stationary [102], and hence, their mobility is ignored in this model.
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Figure 6.1: System model for HAPS-RIS beyond-cell communications.

HAPS-RIS. Further, the CS also manages the association between the BSs and the UEs

and con�gures the RIS.

The environment for this scenario is an urban one where K UEs are uniformly dis-

tributed in the HAPS coverage area. In contrast, the BSs are optimally placed to maximize

the number of connected UEs. We adopt Lloyd's algorithm for optimizing the placement

of BSs. The algorithm aims to minimize the Euclidean distances between the UEs and the

BSs; this distance is the factor that most a�ects the quality of the channel links2. In an ur-

ban environment, wireless signals su�er severe blockages and shadowing [85]. Accordingly,

some UEs might not be associated with any BSs due to poor channel quality. Moreover,

some UEs might not have service when BSs are fully loaded. Thus, the UEs in the system

can be divided into two groups. The �rst group includes the UEs that can be served by

BSs; the second group consists of the remaining UEs that can be served by the CS via

HAPS-RIS.
2This algorithm is also known as a k-means clustering algorithm [104].
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6.2.1 Within-Cell Connection: UEs to Terrestrial BSs

In this work, we employ the orthogonal frequency division multiplexing (OFDM) transmis-

sion scheme, where the entire terrestrial system bandwidth BBS Hz is divided into equal

subcarriers each of bandwidth BUE Hz. Without loss of generality, the UEs in each cell

are allowed to use only one subcarrier to transmit their data. However, the UEs from

other cells can use the same subcarrier. Thus, there will be inter-cell interference but no

intra-cell interference.

Accordingly, the received signal at UE k from BS l on a given subcarrier can be written

as

ykl =
√
PBS
kl hklxkl +

L∑
l′=1,l′ 6=l

√
PBS
kl′ hkl′xkl′ + wkl, (6.1)

where PBS
kl and xkl denote the transmitted power and the transmitted symbol, respectively.

wkl denotes the additive white Gaussian noise (AWGN) with zero mean and power spectral

densityN0. hkl denotes the channel coe�cient between UE k and BS l on a given subcarrier,

and it can be expressed as

hkl =

√
GBS
l GUE

k (PLBS
kl )−1, (6.2)

where GBS
l and GUE

k denote the antenna gain of BS l and UE k, respectively. PLBS
kl denotes

the path loss of the channel between BS l and UE k. Now, the achievable signal-to-

interference-plus-noise ratio (SINR) at UE k served by BS l can be written as

γkl =
PBS
kl |hkl|

2∑L
l′=1,l′ 6=l P

BS
kl′ |hkl′|

2 +N0BUE

. (6.3)

The corresponding achievable rate in bits per seconds (bps) between BS l and UE k can

be written as

Rkl = BUE log2(1 + γkl). (6.4)

For a UE to be directly associated with a BS l, the data rate between them should be

above the minimum required data rate, i.e., Rkl ≥ Rmin. Let Sk ⊂ {Rk1, ..., RkL} denote
the set of data rates between UE k and L BSs that have a data rate higher than the

minimum required rate Rmin. The UE k is associated with the BS l with the highest data

rate in the set Sk, i.e., (l = max
l
Sk). Also, letMl ⊂ {1, ..., k} denote the set of UEs with

the best channel toward BS l, and the cardinality of the set is denoted as |Ml|.

For the UE j, j 6= k with Sj = {φ} (i.e., Rjl < Rmin, ∀ l ∈ {1, ..., L}), its communication

is supported by the CS through HAPS-RIS. Also, when |Ml| > (BBS/BUE), we declare
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the BS l as fully loaded or its capacity as fully utilized. Hence, we drop UEs with the

lowest channel gain to be served by the CS via HAPS-RIS until |Ml| ≤ (BBS/BUE).

Accordingly, we denote the set ofK1 UEs supported by direct links from the BSs (within-cell

communications) with K1 = {1, . . . , K1}. Similarly, we denote the set of K2 UEs supported

by the CS through HAPS-RIS (beyond-cell communications) with K2 = {1, . . . , K2}.

6.2.2 Beyond-Cell Connection: UEs to CS via HAPS-RIS

The unsupported UEs that cannot form a direct connection with the terrestrial BS will

be served by the CS via HAPS-RIS. We assume that the CS serves the UEs in set K2

using the OFDM protocol, and hence, there will be no inter-UE interference. Further, both

within-cell and beyond-cell communications occur in two orthogonal frequency bands, while

keeping BUE same for both types of connection. Consequently, there will be no interference

between within-cell UEs belonging to set K1 and beyond-cell UEs belonging to set K2.

Accordingly, the received signal at UE k ∈ K2 on a given subcarrier can be expressed

as

yk =
√
PCS
k hkΦk xk + wk, (6.5)

where xk and PCS
k denote the transmitted signal and power of UE k, respectively. wk

denotes the zero-mean AWGN. hk denotes the e�ective channel gain from the CS to the

HAPS-RIS and from the HAPS-RIS to UE k, and it is given by [103]3

hk =

√
GCS

t Gk
r (PLCS−HAPS−k)−1, (6.6)

where GCS
t denotes the transmit antenna gain of the control station, and Gk

r is the receiver

antenna gain of UE k. PLCS−HAPS−k represents the cascaded path loss between the control

station and the HAPS (i.e., PLCS−HAPS), and between the HAPS and UE k (i.e., PLHAPS-k).

Since the amplitude and phase responses of RIS re�ecting units are frequency-dependent

[80] and each UE uses di�erent subcarrier, then each UE is assigned with a distinct and

dedicated set of RIS units tuned to its respective subcarrier. Thus, Φk represents the

re�ection gain of the RIS corresponding to UE k, and is expressed as

Φk =

Nk∑
i=1

ρie
−j(φi,k−θi−θi,k), (6.7)

3Here, we consider negligible di�erence in channels between UE k and RIS re�ecting units, since they

are dominated by LoS links.
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where ρi denotes the re�ection loss corresponding to RIS unit i. θi and θi,k represent

the corresponding phases between RIS unit i and both the control station and UE k,

respectively. φi,k represents the adjusted phase shift of RIS unit i corresponding to user

k, while Nk represents the total number of re�ecting units allocated to UE k. The RIS

re�ecting units are divided among the UEs because each UE uses di�erent subcarrier.

Accordingly, the signal-to-noise ratio (SNR) at UE k can be written as

γk =
PCS
k |hkΦk|2

N0BUE

, (6.8)

and the achievable rate of UE k ∈ K2 can be expressed as

Rk = BUE log2(1 + γk). (6.9)

6.3 Problem Formulation

In this section, we discuss three resources (available power at the CS and re�ecting units

at the HAPS) allocation schemes for the UEs assisted by the beyond-cell communication,

and accordingly, formulate three optimization problems.

6.3.1 Sum Rate (Throughput) Maximization

The goal of this problem is to support all the K2 UEs and maximize their sum rate by

optimally allocating the re�ecting units and transmitting power to all the UEs. Thus, the

formulation becomes

max
Φk,Nk,P

CS
k

K2∑
k=1

Rk (6.10a)

s.t. L ≤ Lmax, (6.10b)

Rk ≥ Rth, ∀k = 1, 2, . . . , K2, (6.10c)
K2∑
k=1

Nk ≤ Nmax, (6.10d)

φi,k ∈ {0,∆φ, 2∆φ, . . . , (2b − 1)∆φ}, ∀i = 1, 2, . . . , Nk, ∀k = 1, 2, . . . ,K2, (6.10e)
K2∑
k=1

PCS
k ≤ PCS

max, (6.10f)

Nk ∈ {Nk,min, Nk,min + 1, . . . , Nk,max}, ∀k = 1, 2, . . . , K2, (6.10g)

PCS
k,min ≤ PCS

k ≤ PCS
k,max, ∀k = 1, 2, . . . , K2, (6.10h)
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where (6.10b) limits the number of terrestrial BSs in the area; and thus, limits the ex-

penditure incurred by network operators. Note that, the value of K2 is dependent on the

value of L. Higher the value of L, lower is the value of K2. Constraint (6.10c) ensures that

the minimum required rate is achieved by each UE. Constraint (6.10d) guarantees that

the total number of allocated re�ecting units to all UEs is less than the maximum number

available at the HAPS. In practice, the value of Nmax is dependent on the HAPS size. Con-

straint (6.10e) determines the discrete range of the adjustable phase shifts values for each

RIS unit, where ∆φi,k = 2π/2b with b as the number of bits used to uniformly quantize the

phase shifts of each RIS element. Constraint (6.10f) ensures the total allocated power for

each UE does not exceed the maximum power, PCS
max, of the control station. Constraints

(6.10g)-(6.10h) ensure feasible and fair allocation of both re�ecting units and CS power,

respectively, where Nk,min, Nk,max, PCS
k,min, and P

CS
k,min denote the minimum and maximum

allocated RIS units and power per UE.

6.3.2 Minimum Rate Maximization (Max-Min Rate)

Sum rate (throughput) maximization based allocation scheme might be biased toward

UEs with better channel links. Therefore, for fair resource allocation, we consider in this

subsection the problem of maximizing the minimum rate among all UEs. Accordingly, the

max-min fairness problem can be formulated as

maximize
Φk,Nk,P

CS
k

min
k=1,...,K2

Rk (6.11a)

s.t. (6.10b)− (6.10h). (6.11b)

6.3.3 Re�ecting Units Minimization

Despite being passive in nature, the RIS re�ecting units consume energy for control and

con�guration [69, 12]. The energy consumption might be signi�cant for HAPS equipped

with a large number of re�ectors. For a cost-e�ective deployment of HAPS in terms of on-

board energy consumption and size of HAPS, it is essential to minimize the total number

of RIS re�ecting units. Accordingly, the RIS re�ecting units minimization problem can be

formulated as

min
Φk,Nk,P

CS
k

K2∑
k=1

Nk (6.12a)

s.t. (6.10b)− (6.10h). (6.12b)

97



6.4 Resource-e�cient Maximization

Using power e�ciently at the HAPS-RIS for activating the RIS units, and at the CS for

transmitting signals o�er sustainable environment and longer refueling intervals for HAPS.

Also, in case of a large UE density or strict QoS requirement, it might infeasible to serve

all unserved UEs by the CS via HAPS-RIS. Therefore, we need to select as many UEs that

can be supported by the CS, while using as minimum system resources (transmit power

and RIS units) as possible. Accordingly, we de�ne a novel performance metric known as

resource e�ciency as follows:

De�nition 1. Resource e�ciency (RE) of the beyond-cell communication system, η, is de-

�ned as the ratio between the percentage of served UEs and the average power consumption

in dBm by each supported UE, which includes the consumption towards signal transmission

and RIS units con�guration:

η =

1
K

(
K1 +

∑K2

k=1 uk

)
1
|U|
∑K2

k=1

(
PCS
k uk + PRISNkuk

) , (6.13)

where uk is the indicator variable, if uk = 1, user k will get service by HAPS-RIS, otherwise

not if uk = 0. In the denominator, the terms
∑K2

k=1 P
CS
k uk and

∑K2

k=1 PRISNkuk represent the

total transmit power consumption at the CS and the total power consumed by the RIS units

for all supported UEs, respectively. PRIS denotes the consumed power by each RIS unit for

phase shifting, which is dependent on the RIS con�guration technology and its resolution.

Finally, |U| denotes the cardinality of the set, which constitutes the UEs supported by the

CS via HAPS-RIS.

In the following, we formulate the resource-e�cient UEs maximization problem. It can
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be expressed as

max
uk,Φk,Nk,P

CS
k

η (6.14a)

s.t. L ≤ Lmax, (6.14b)

Rk ≥ ukRth, ∀k = 1, 2, . . . , K2, (6.14c)
K2∑
k=1

ukNk ≤ Nmax, (6.14d)

φi,k ∈ {0,∆φ, 2∆φ, . . . , (2b − 1)∆φ}, ∀i = 1, 2, . . . , Nk, ∀k = 1, 2, . . . , K2, (6.14e)
K2∑
k=1

ukP
CS
k ≤ PCS

max, (6.14f)

Nk ∈ {Nk,min, Nk,min + 1, . . . , Nk,max}, ∀k = 1, 2, . . . , K2, (6.14g)

PCS
k,min ≤ PCS

k ≤ ukP
CS
k,max, ∀k = 1, 2, . . . , K2, (6.14h)

uk ∈ {0, 1}, (6.14i)

where all the terms are as de�ned previously in (6.10).

6.5 Proposed Solution

In this section, we discuss the solution approaches for the aforementioned optimization

problems.

6.5.1 Sum Rate Maximization

In problem (6.10), constraint (6.10b) is determined by an expenditure analysis of the net-

work deployment, and typically it is selected as L = Lmax to maximize the percentage of

UEs with direct connections to BSs. It should be noted that the variables Nk and φi,k are

discrete variables; and thus (6.10) becomes computationally challenging to solve as it re-

quires employing heuristic discrete optimization algorithms. However, for a large RIS area,

Nk can be approximated as a continuous variable. This approximation is substantiated by

the fact that each UE is allocated a subarea of the RIS, and the total area allocated to all

UEs is approximately equivalent to the total RIS area. Similarly, φi,k in (6.10e) practically

has a range of discrete phase shifts. However, several works have shown that close to opti-

mal continuous performance can be achieved even with low resolution discrete phase shifts
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[105]. Therefore, φi,k can be approximated as a continuous variable. Moreover, for large

values of γk the rate of UE k, given in (6.9), can be approximated as Rk ≈ BUE log2(γk).

Accordingly, the sum rate of the set K2 UEs is given as

K2∑
k=1

Rk ≈ BUE log2

(
K2∏
k=1

γk

)
. (6.15)

Moreover, the rate constraint (6.10c) of each UE can be written in terms of its SNR.

Accordingly, problem (6.10) can be reformulated as

min
Φk,Nk,P

CS
k

1∏K2

k=1 γk
(6.16a)

s.t.
1

γk
≤

1

γmin

, ∀k = 1, 2, . . . , K2, (6.16b)

(6.10c)− (6.10h). (6.16c)

Now, the objective as well as the constraints of problem (6.16) are posynomials.4 There-

fore, optimal solutions can be found in polynomial-time using geometric programming (GP)

approach [106].

6.5.2 Minimum Rate Maximization (Max-Min Rate)

By introducing a new slack variable t, (6.11) can be reformulated as

min
Φk,Nk,P

CS
k

t (6.17a)

s.t.
1

γk
≤

1

t
, ∀k = 1, 2, . . . , K2, (6.17b)

(6.16b), (6.10c)− (6.10h). (6.17c)

The objective function (6.17) is a monomial function, whereas the constraints (6.17b �

6.17c) are posynomial constraints. Therefore, it is an GP problem that can be solved

optimally [106].

4The term `posynomial' refers to a function consists of a sum of positive polynomials [106].
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6.5.3 Re�ecting Units Minimization

Following the same procedure applied in the previous subsection, and by relaxing Nk to

be a continuous variable, the problem (6.12) can be re-written as

min
Φk,Nk,P

CS
k

K2∑
k=1

Nk (6.18a)

s.t. (6.16b), (6.10c)− (6.10h). (6.18b)

It is easy to notice that (6.18) is also an GP problem and can be solved optimally [106],

and the �nal value of Nk is approximated as dN∗ke.

6.6 Resource-e�cient Maximization

Since problem (6.14) is an MINLP, it is hard to solve jointly with the involved variables in

an optimal manner with lower complexity. Therefore, we decoupled the problem into two

subproblems and develop a low-complexity algorithm to solve it suboptimally. The main

step of the proposed algorithm involves solving (6.14) in two stages.

In the �rst subproblem, we maximize the numerator of (6.14a) by maximizing the

number of UEs, which can establish direct connection with TNs (i.e., by setting L = Lmax
5),

and then �nding the set of maximum feasible UEs ∈ K2, which can be supported by the

CS via HAPS-RIS. To this end, we �rst sort the channel gains of all UEs. Secondly, under

the assumptions of equal power allocation to each UE and perfect re�ection of each RIS

unit, we allocate the minimum required number of RIS units to each UE as follows:

Nk =

⌈√√√√N0BUE(2
Rmin
BUE − 1)

PCS
k |hk|

2

⌉
. (6.19)

The initial RIS units allocation starts with UEs with the best channel conditions until

all RIS units are utilized. As a result, a set U with the largest number of feasible UEs is

determined.

In the second subproblem, the denominator of (6.14a) is minimized by optimally allo-

cating the CS power and RIS units to each UE belongs to set U . This is accomplished by

5This value is dependent on the communication frequency, and the statistics of the users density and

their rate demands. It is also determined by operator's expenditure analysis.
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solving the following optimization problem:

min
Φk,Nk,P

CS
k

|U|∑
k=1

PCS
k + PRISNk (6.20a)

s.t. Rk ≥ Rth, ∀k = 1, 2, . . . , |U|, (6.20b)
K2∑
k=1

Nk ≤ Nmax, (6.20c)

φi,k ∈ {0,∆φ, 2∆φ, . . . , (2b − 1)∆φ}, ∀i = 1, 2, . . . , Nk, ∀k = 1, 2, . . . , K2, (6.20d)
K2∑
k=1

PCS
k ≤ PCS

max, (6.20e)

{Nk,min, Nk,min + 1, . . . , Nk,max} (6.20f)

PCS
k,min ≤ PCS

k ≤ PCS
k,max, ∀k = 1, 2, . . . , |U|. (6.20g)

Without loss of generality, problem (6.20) can be re-written as

min
Φk,Nk,P

CS
k

|U|∑
k=1

PCS
k + PRISNk (6.21a)

s.t.
1

γk
≤ 1

γmin

, ∀k = 1, 2, . . . , |U|, (6.21b)

(6.20c)− (6.20g). (6.21c)

Due to the involvement of integer and discrete variables Nk and φi,k, respectively,

problem (6.21) is a challenging problem and is di�cult to solve optimally in polynomial

time. To solve it e�ciently, we relax Nk and φi,k to be continuous variables. After this

relaxation, the objective and the constraints of (6.21) become posynomials, which can be

solved optimally using geometric programming (GP) technique [106]. At the solution of the

relaxed problem, the �nal solution to (6.21) is obtained by approximation as Nk ≈ dN∗ke.
The pseudo-code of the proposed two-stage algorithm is described in Algorithm 4. Note

that in practice φi,k should be selected from a set of discrete phase shifts. The cardinality

of the set is based on the resolution of the phase shift. The selection optimization of the

discrete phase shifts is still an open problem. We investigated this problem in [105] and

showed that with our proposed algorithm, the performance gap between continuous phase

shifts and a set of two discrete phase shifts is about 30%. The impact of relaxing φi,k and

the performance gap can be signi�cantly reduced with a set of large number of phase shifts.
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6.6.0.1 Complexity Analysis

The iteration-complexity of Algorithm 4 is the same as of the standard barrier-based

interior-point method with accuracy error ε, and is in the order ofO(2.5
√
|U|+ 1 ln 6(|U|+1)∆

ε
),

where the term ∆ is associated to a perturbation in the feasible set [107]. However, the

complexity of solving the original formulated problem optimally without relaxations and

without decoupling them into two subproblems is computationally prohibited as it requires

searching all possible combinations of RIS unit allocation and phase shifts con�gurations,

and can be given as O
(
(2b)Nmax

∑K2

k=1

∏Nk,max

i=1

(
Nmax

i

))
.

Algorithm 4 E�cient maximization of connected UEs
1: Set L = Lmax and obtained set K2.

2: Input: hk, k ∈ {1, 2, . . . , K2}.
3: Sort K2 UEs in descending order based on their channel gains KS2 ← K2

4: for k = 1 . . . KS2 do

5: while
∑KS2

k=1 Nk ≤ Nmax do

6: PCS
k = PCS

max/KS2

7: Obtain initial Nk from (6.19).

8: end while

9: end for

10: Stage-1 Output: Selected UEs U .
11: Solve optimally (6.21) for the set U .
12: Stage-2 Output: PCS∗

k and N∗k (∀k = 1, . . . , |U|).

6.7 Numerical Results and Discussion

In this section, we discuss the performance of the proposed beyond-cell communication

approach by comparing di�erent power and RIS-unit allocation strategies obtained by

solving the aforementioned problems (i.e., (6.10), (6.11), (6.12), and (6.14) ) and a bench-

mark proportional scheme. The benchmark scheme allocates the re�ectors to each UE

proportionally based on its channel gain, i.e., the UE with the worst channel gain will get

the largest portion of the re�ecting units.

In the simulation setup, we consider an urban environment with an area of 10 km by

10 km consisting of Lmax = 4 terrestrial BSs serving K = 100 randomly and uniformly
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Figure 6.2: Locations of the UEs ∈ {K1,K2} and BSs (fc = 2 GHz, σBS−UE = 8 dB).

distributed UEs with a minimum separation distance of 100 m between the UEs. The BSs

are typically placed where the UE density is expected to be higher. Therefore, the BS

locations are optimized using Lloyd's algorithm, which minimizes the distances between

all the UEs and their associated BSs [104]. Further, we adopt the 3GPP standards [85]

for terrestrial BS parameters with a BS height of HBS = 25 m and a power and antenna

gain of PBS = 35 dBm and GBS = 8 dB. Also, we consider the communication at carrier

frequency fc = 2 GHz with shadowing standard deviation σBS−UE = 8 dB, and all the UEs

have the same height of 1.5 m. Then, by following the urban channel model for the path

loss and the LoS probabilities detailed in [85, Tables 7.4.1-1 � 7.4.2-1], the channel gains

between all UEs and all BSs are obtained. Unless stated otherwise, we consider Rmin = 2

Mb/s as the minimum rate for direct connection between a UE and a BS.

Accordingly, a UE will be associated with a BS that provides the highest data rate.

Fig. 6.2 illustrates the optimized locations of BSs among randomly and uniformly dis-

tributed UEs. The UEs marked with red circles do not satisfy the minimum rate require-

ment for any BSs. Therefore, they will be served by the CS through HAPS-RIS. Following

the standardized 3GPP channel model established for a HAPS and terrestrial nodes in

urban environments [7, Sec. 6], and the scattering re�ecting paradigm of the RIS as de-

tailed in [103], the e�ective channel gains from the CS to all UEs in set K2 through the
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Figure 6.3: Relation between BS densities and percentage of UEs with direct connections

for di�erent frequencies.
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Figure 6.4: Comparison between terrestrial and HAPS-RIS communications with di�erent

allocation strategies.

HAPS-RIS are obtained (i.e., PLCS−HAPS and PL
HAPS-k). For this model, we consider dry

air atmospheric attenuation. The atmosphere parameters are selected on the basis of the

mean annual global reference atmosphere [97]. Further, we assume the UEs have 0 dB
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gain, N0 = −174 dBm/Hz, BBS = 50 MHz and BUE = 2 MHz. We further set PCS
max = 33

dBm, and GCS
t = 43.2 dB [7] in all of the simulations, unless otherwise stated.

6.7.1 Relationship between BS Density and Direction Connection

with UEs

It should be noted that the percentage of UEs supported by the CS via the HAPS-RIS

depends on the number of UEs that fail to connect with any terrestrial BS directly. The

chances of UEs being supported by the BSs directly depends on the BS and UE densities

and the carrier frequency. For a �xed density of BSs, as the density of UEs increases,

the percentage of UEs with direct connections drops because the BSs cannot serve more

users beyond their maximum loading capacities. Fig. 6.3 shows how the percentage of UEs

with direct connections increases as the density of BSs increases. However, as the carrier

frequency increases to provide high data rate communications, the percentage of UEs with

direct connections signi�cantly drops, even with the large number of BSs. For instance,

four BSs communicating at fc ≤ 2 GHz are su�cient to support more than 80% of UEs

directly connected to BSs, whereas more than 20 BSs are required to support 80% of UEs

communicating at fc ≥ 10 GHz. Therefore, the HAPS-RIS may o�er a more cost-e�ective
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solution in such situations than just increasing the density of the BSs.

6.7.2 Comparison Between Allocation Schemes

6.7.2.1 Sum rate and worst UE rate maximization based allocation

In this simulation, we set Nk,min = 1000 , Nk,max = 10, 000 re�ectors and PCS
k,min = 15 dBm

and PCS
k,max = 20 dBm.

Fig. 6.4 compares the achievable average and worst rate performances for the UEs

belonging to set K1 and K2. For set K2, the performance plots are obtained using the

optimized power and re�ecting units allocation schemes and are compared with the pro-

portional allocation strategy for benchmark purposes.

For the selected range of Nmax, i.e., 200,000 � 600,000 re�ecting units6, it can be ob-

served that for most of the values of Nmax the average rate of the terrestrial UEs is higher

than that of the UEs supported by the HAPS-RIS (Fig. 6.4(a)). This is because the

average performance is dominated by the excellent channel conditions between some UEs

belonging to set K1 and the BSs. However, for HAPS-RIS to outperform RIS-assisted ter-

restrial networks in terms of the average rate, Nmax should be more than 550,000 re�ecting

units. Because the rate performance of the worst UE is one of the concerns of network

operators, we see in Fig. 6.4(b) that the rate performance of the worst UE assisted by

HAPS-RIS is signi�cantly higher than that are supported by the terrestrial networks.

For the UEs belonging to set K2, we observe that the max throughput allocation scheme

achieved the best performance in terms of average UEs rate. However, in terms of the

worst UE performance, the max-min R allocation scheme signi�cantly improves the rate of

the UE with the weakest channel gain, and it substantially outperforms the max throughput

and the proportional allocation schemes. It should be noted that the improvement in the

worst UE rate leads to the degradation of the sum and average UE rates. Since the max

min R scheme distributes the system resources fairly and maximizes the fairness among

all the UEs, it results in a performance loss for the whole system. It is interesting to note

from Fig. 6.4 that the performance enhancement for the worst UE rate by max min R

6This is equivalent to an RIS area between 180 - 540 m2. This can represent a partial area of a HAPS,

as the length of an airship is between 100 and 200 m, whereas an aerodynamic HAPS has wingspans

between 35 and 80 m. However, the size of each re�ector unit is about (0.2λ)2 [3].
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scheme is about 15%, while the degradation in terms of the average rate or throughput is

1% less than the optimized max throughput allocation scheme.

6.7.2.2 Re�ectors Minimization Based Allocation

Fig. 6.5 shows the variation of the minimum number of re�ectors required with the dif-

ferent values of the minimum rate requirements of the UE. The number of re�ectors and

power PCS
k corresponding to all K2 UEs that satisfy the minimum rate requirements are

obtained by solving the problem (6.18a). As we can see, an almost linear relationship exists

between the rate requirement and the minimum required number of re�ectors. Moreover,

by doubling the rate required for the UEs, the RIS unit requirement is increased by 100%.

Fig. 6.5 also shows the relationship between the di�erent values of the maximum trans-

mit power available at the CS (PCS
max) and the optimized number of re�ectors. It can be

observed that by increasing PCS
max by 1 dB, the minimum required number of re�ectors is

reduced by about 11%.

6.7.3 Resource-e�ciency maximization

Fig. 6.6 plots the normalized RE obtained using Algorithm 4 (on the left-hand side y-axis)

and the percentage of connected UEs ( on the right-hand side y-axis) versus di�erent values

of minimum rate requirement Rmin. It also compares the performance of Algorithm 4 with

the benchmark approach. The maximum number of RIS units mounted on HAPS is set to

Nmax = 220, 000 units. It can be observed that as the QoS (represented by Rmin) increases,

the percentage of connected UEs and the RE drops. However, this performance degradation

is more signi�cant in terms of the percentage of connected UEs than the RE. Furthermore,

we observed that the RE obtained using Algorithm 4 signi�cantly outperforms the one

obtained using the benchmark approach. This is due to the fact that Algorithm 4 optimizes

allocation of both power and RIS units to UEs.

6.7.4 Percentage of connected UEs

Figs. 6.7 and 6.8 plot and compare the percentage of connected UEs obtained through Al-

gorithm 4, the benchmark approach, and within-cell communication approach for di�erent

values of the number of RIS units Nmax available at the HAPS, and maximum power PCS
max

available at the CS, respectively.
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Figure 6.6: Resource-e�ciency performance of connected UEs for di�erent Rmin.
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In Fig. 6.7, to study the impact of Nmax, we consider only the second term (i.e., PRISNk)

of the objective function in (6.21a). The selected range of Nmax is set between 10,000 and

220,000 units. This range corresponds to a total RIS area between 9 m2 and 198 m2 at

carrier frequency of 2 GHz 7. In Fig. 6.8, only the �rst term of (6.21a) (i.e., PCS
k ) is

considered to study the e�ect of PCS
max on the percentage of connected UEs. The maximum

transmit power of CS is set to vary between 30 dBm and 35 dBm, and Nmax is set to

150,000 units. It can be observed from the �gures that the percentage of connected UEs

increases with the maximum power of the CS PCS
max, and the maximum number of RIS units

Nmax (or the size of HAPS). These behaviors are intuitive as making available more system

resources (PCS
max and Nmax) allow more number of stranded users to be served by the CS

via HAPS-RIS.

Figs. 6.7 and 6.8 also show that the performance of the proposed approach is 1-3 %

higher than the benchmark approach. Moreover, PCS
max has more signi�cant impact than

Nmax on the percentage of connected UEs. By increasing PCS
max by 2 dB, the percentage of

connected UEs increases about 4%, whereas doubling of the RIS size is needed to achieve

the same increase in the percentage of connected UEs.

Furthermore, it can be observed from the �gures that 76% UEs are served through

7This represents a limited area on a typical HAPS surface, as the length of an airship is between 100-

200 m, whereas aerodynamic HAPS have wingspans between 35m and 80 m. The size of each RIS unit is

(0.2λ)2 [3].
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within-cell communication approach, and the CS supports the remaining UEs via HAPS-

RIS. Hence, beyond-cell communications via HAPS-RIS is able to complement TNs.

6.8 Conclusion

In this chapter, we introduced the novel concept of beyond-cell communications using

HAPS-RIS technology to complement terrestrial networks by supporting unserved UEs.

We formulated several resource allocation optimization problems to design the CS power

and RIS unit allocation strategies. The optimization objectives included throughput maxi-

mization, max min rate, and minimal usage of RIS re�ectors. In addition, given the limita-

tions of the CS power and HAPS-RIS size, it might not be feasible to support all unserved

UEs. Therefore, another novel resource-e�cient optimization problem is formulated, which

simultaneously maximizes the percentage of connected UEs using minimal CS power and

RIS units. The results showed the capability of beyond-cell communications approach to

support a larger number of users with a minimal number of terrestrial BSs. Furthermore,

the results showed the superiority of the proposed solutions over the benchmark approach

and demonstrated the trade-o� between the total and average rate performance and the

fairness among UEs. Finally, the results demonstrate the impact of the HAPS size and

the QoS requirement on the percentage of connected UEs and the e�ciency of the system.

In the following chapter, we discuss the various options of HAPS communication payload

and their associated applications. Then, we propose the multi-mode HAPS to increase its

capabilities while minimizing its energy consumption.
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Chapter 7

Multi-Mode HAPS for Next Generation

Wireless Networks

7.1 Introduction

Beyond �fth-generation (B5G) and sixth-generation (6G) technologies are expected to

support novel use cases thanks to their anticipated ubiquitous and reliable connectivity

with a massive numbers of devices with high data rates and low latency. But it has been

shown to be unfeasible and cost-ine�cient to attempt to ful�ll the requirements of future

networks by relying solely on terrestrial networks. To complement terrestrial systems, non-

terrestrial networks (NTN) are envisioned as a key enabler for next-generation networks.

More speci�cally, given the intrinsic features of NTN, including �exible deployment, strong

channel links, and wide coverage footprints, the latter can support terrestrial networks by

enhancing aspects such as communication, computing, and caching capabilities.

Typically, three types of NTN systems are proposed to support future networks, namely

unmanned aerial vehicles (UAVs) [108], high altitude platform station (HAPS) systems [3],

and low-Earth-orbit (LEO) satellites [109]. These NTN systems have di�erent features

This main content in this chapter was submitted to IEEE global competition of the NTN for beyond

B5G and 6G, organized by the IEEE Future Networks Initiative and sponsored by Communications and

Information Technology Commission (CITC), Saudi Arabia. This work was awarded the grand prize during

the �Connecting the World from the Skies� forum in Riyadh, Saudi Arabia (Nov 8-Nov 10, 2022).

Also, this work was submitted to IEEE VTC magazine: S. Alfattani, W. Jaafar, H. Yanikomeroglu, and

A. Yongacoglu, �Multi-mode high altitude platform stations (HAPS) for next generation wireless networks�,

under review in IEEE Vehicular Technology Magazine , (submission: 17 Sep 2022).
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such as operating altitude, size, payload, �ight duration, and communication capabilities.

While UAVs are limited by energy consumption and �ight time, LEO satellites su�er from

signi�cant path loss, high mobility, and long communication delays. By contrast, HAPS

systems have the largest platform size and payload, less path-loss and delay than LEO

satellites, and they can sustain longer missions than UAVs. Accordingly, the development of

HAPS technologies has attracted signi�cant interest from both academia and the industry

[69, 3, 110]. Examples of current HAPS projects include X-station by StratXX, Zephyr by

Airbus, Stratobus by Thales, Hawk30 by HAPSMobile, and Phasa-35 by BAE Systems.

One of the main issues in HAPS research is the design of the communication payload

subsystem, as it impacts the range of supported applications, energy consumption, �ight

duration, and deployment costs. Traditionally, HAPS were developed to serve rural and

hard-to-reach areas, and the communication payload was designed in a single mode to

operate either as a base station (HAPS-BS) or as a relay station (HAPS-RS). An advanced

HAPS-BS, referred to as HAPS super macro base station (HAPS-SMBS), was recently

proposed in [89], where it was used in urban areas for novel applications beyond connec-

tivity, such as computing, storage, and sensing. Similarly, an energy-e�cient version of a

HAPS-RS was proposed and analyzed in chapters 4�6, where a HAPS is equipped with a

recon�gurable intelligent surface (RIS), aiming to provide relaying functions. The latter is

called HAPS-RIS.

Nevertheless, designing a HAPS with a single payload mode either increases its energy

consumption or limits its communication capabilities. Hence, to cope with the user tra�c

and service demand dynamics in the most e�cient and cost-e�ective manner, we propose

here the design of a multi-mode HAPS payload, where the HAPS can adaptively switch

between di�erent operating modes, i.e., HAPS-SMBS, HAPS-RS, and HAPS-RIS, based

on the received demands. Consequently, the usage of active components on the HAPS will

be minimized and a more energy-e�cient operation achieved.

7.2 HAPS versus other NTN Systems

In comparing HAPS and other NTN systems supported by UAVs or LEO satellites, we

discuss their di�erences in terms of communication payload capabilities, and suitable ap-

plications.
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7.2.1 HAPS versus LEO Satellites

HAPS systems have unique properties compared to LEO satellites. First, HAPS are typ-

ically located at an altitude of 20 km, whereas LEO satellites are deployed at altitudes

between 350 and 2000 km. Hence, a HAPS experiences less communication path-loss and

stronger line-of-sight (LoS) links. The high quality of its communication link to the ground

allows it to connect directly to the user equipment (UE) without requiring a special re-

ceiver design. This is in contrast to LEO systems, where sophisticated receivers with high

antenna gain are required. Also, due to its low altitude, a HAPS is more appealing for

delay-sensitive and critical applications than a LEO satellite.

Second, HAPS systems are quasi-stationary, whereas LEO satellites orbit the Earth at

high speeds. Thus, unlike HAPS, satellites su�er from Doppler e�ects, frequent handover

and wasted capacity due to orbiting through under-populated areas for a part of its tra-

jectory. Moreover, due to the continuous movements of LEO satellites, a tracking system

in the receiver is required.

Third, HAPS are giant platforms. Typically, aerostatic HAPS (e.g., airships) have

lengths between 100 and 200 m, while aerodynamic HAPS have wingspans between 35 and

80 m. This is up to 20 times the size of a standard LEO satellite. Such HAPS sizes allow

accommodating several communication technologies, including massive MIMO and large

RIS. Moreover, HAPS can host heavier payloads, e.g., storage and computing equipment.

Finally, the lifetime of HAPS is estimated to be between a few months and several

years, depending on the nature of its mission. Although this is lower than the LEO

satellite lifetime, HAPS o�er other advantages. Indeed, they are recoverable at the end of

their lifetime, unlike satellites. Moreover, HAPS can be maintained either in the sky or by

bringing them back to Earth, which makes it possible to extend their lifetime.

7.2.2 HAPS versus UAVs

Although UAVs can communicate with ground UEs over small distances of up to a few

hundred meters while ensuring reliable and low-latency communications, HAPS systems

outperform UAVs in several other aspects. First, due to the higher altitude of HAPS,

they enjoy a wider footprint radius ranging between 40 and 100 km for high throughput

communications, and this can be extended to 500 km (ITU-R F.1500). By contrast, the

coverage footprint of UAVs is very small, which requires the deployment of costly swarms
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of UAVs in large areas. Also, a better LoS probability can be realized with HAPS, while

UAV links are sensitive to blockages and high-rise buildings.

Second, given that HAPS are mainly powered by renewable energy sources, e.g., solar

panels, whereas UAVs rely on limited battery capacities, HAPS can sustain multiple and

longer missions than UAV systems.

Finally, the small size of UAVs limits their communication payload and potential appli-

cations. For instance, authors of [103] showed that RIS-equipped UAVs perform worse than

RIS-equipped HAPS. For the same reason, high storage and computation power cannot be

deployed on UAVs, in contrast to HAPS.

7.3 Single-Mode HAPS Communication Payload

A HAPS consists of three onboard subsystems: an energy management subsystem, a �ight

subsystem, and a communication payload subsystem [3]. The energy management sub-

system is responsible for power generation using photovoltaic (PV) panels, and for energy

storage through Lithium-ion batteries or fuel cells. Moreover, this subsystem controls the

energy consumption required by the other subsystems. The �ight subsystem controls the

mobility and stabilization of the HAPS, whereas the communication payload subsystem

mainly manages the communications between the HAPS and other aerial or terrestrial

nodes, while also processing and storing other required data. Based on the capabilities

of the HAPS in terms of communication, computing, and storage, its power requirements

and applications may vary. Typically, three types of HAPS communication payload have

been de�ned, namely HAPS-SMBS [89], HAPS-RS, and HAPS-RIS[69, 103]. The type of

communication payload impacts the potential applications supported, onboard consumed

energy, and thus the �ight duration of the HAPS. In what follows, we discuss the properties

and potential use cases of each HAPS-equipped communication payload type.

7.3.1 HAPS-SMBS

The main role of the HAPS-SMBS communication payload involves radio frequency (RF)

�ltering, frequency conversion, and signal ampli�cation. Its multiple antennas transceivers

can also encode/decode, precode and modulate/demodulate signals, as well as switch and

route data. The communication payload of the HAPS-SMBS used exclusively for com-

munications is called a �regenerative payload � by the 3rd Generation Partnership Project
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(3GPP) standards (TR 38.811), and it supports similar tasks to a ground base station or a

Node B (gNB). A HAPS-SMBS's �regenerative payload � can fully process signals and serve

users directly, unlike other communication payload types.

When the communication payload of a HAPS-SMBS integrates computation and caching

capabilities, its role can be extended beyond simple data transmission and reception for

users in rural and underserved areas. Indeed, HAPS-SMBS can work in tandem with ter-

restrial networks in dense urban areas to provide numerous applications and novel services

for 5G and beyond networks. We discuss some unique HAPS-SMBS use cases below.

7.3.1.1 Increasing network capacity

To cope with the increasing demands in metropolitan areas, network operators have tra-

ditionally relied on densi�cation with macro and small gNBs. However, this might not be

a cost-e�ective solution in dynamic and highly mobile environments. In addition, small-

cell densi�cation might not be su�cient to absorb the ever-increasing tra�c of connected

devices. Moreover, the �xed deployment of terrestrial networks is unable to handle un-

predictable congestion caused by temporary events. To tackle this issue, a HAPS-SMBS

can complement a terrestrial network by providing wide coverage, continuous, and agile

connectivity to the terrestrial network's cell-edge and high-tra�c demanding UEs.

7.3.1.2 Supporting aerial networks and aerial users

The deployment of UAVs as BSs or relays is seen as a key enabler of future networks, given

the �exibility and mobility of UAVs. However, their processing and computation powers

are limited, and so they may not be able to execute all required tasks. Hence, UAV-BSs

can rely on a HAPS-SMBS to o�oad their tasks and serve as a reliable computing/storage

server. On the other hand, the massive deployment of UAV users (UAV-UEs) is envisioned

in the near future for numerous applications such as mail/package delivery, search and

rescue, and tra�c monitoring [111]. However, supporting and managing UAV-UEs through

current gNBs might not be practical, since they are designed to serve ground UEs. But a

HAPS-SMBS would be able to manage UAV-UE swarms and support their command and

control functions.
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7.3.1.3 Supporting intelligent transportation systems

Intelligent transportation system (ITS) is a paradigm shift that encompasses technolo-

gies such as IoT networks and connected autonomous vehicles (CAVs). This shift aims

to enhance the safety, mobility, productivity, and comfort of transportation. E�cient ITS

services require the implementation of several tasks, such as tra�c and road condition

monitoring, accident reporting, and vehicle platooning, which depends on the availability

of connectivity, computing, and storage capabilities along roads and highways. In this con-

text, given a HAPS-SMBS's mobility, sustainability, and communication payload capacity,

it is envisioned as a key enabler of future ITS services, particularly on highways [110].

7.3.1.4 Providing aerial datacenter services

Given the high payload of a HAPS-SMBS, which is up to a few hundreds of kilograms [3],

it can host datacenter equipment to support intensive computation applications, such as

virtual/augmented reality (VR/AR). Hence, IoT and low-power devices can o�oad their

computation tasks to the HAPS-SMBS. Also, in case of a terrestrial infrastructure failure,

the HAPS-SMBS can provide backup storage and computing services.

7.3.2 HAPS-RS

The HAPS-RS can be seen as a lighter version of the HAPS-SMBS. As such, it focuses

only on communications and thus consumes less power than the HAPS-SMBS. This is

mainly due to the absence of the energy-greedy computing and caching functionalities.

HAPS-RS's payload is referred to as a �bent pipe payload� (TR 38.811), whose functions

are limited to RF �ltering, frequency conversion, and signal ampli�cation. Typically, a

HAPS-RS ensures communications through a ground gateway. Hence, any communication

to/from a ground user has to go through two links, namely the gateway-HAPS-RS link

and the user-HAPS-RS link. Compared to the previous mode, the propagation delay in

the HAPS-RS mode is longer. Accordingly, a HAPS-RS supports lighter applications than

a HAPS-SMBS, such as:
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7.3.2.1 Backhauling tra�c from small cells

Wired backhauling infrastructure might not be cost-e�ective for small cells, especially in

rural or hard-to-reach areas due to limited population sizes and the high cost of connecting

such areas to the core network through �ber links. In such cases, a HAPS-RS can ensure

the connectivity of small BSs to the core network using RF or free-space optical (FSO)

links for higher backhaul capacity.

7.3.2.2 Supporting IoT networks

IoT and massive machine type communications have been promoted as key enablers of

future industrial networks. IoT devices are expected to be widely deployed even in areas

with limited cellular coverage, such as highways, forests, and oceans. For these particular

environments, connectivity through satellites has been previously adopted. However, rely-

ing on satellites may be suitable only for delay-tolerant applications, while services with

stringent quality-of-service (QoS) demands would require a more e�ective solution. To

satisfy such demands, a HAPS-RS can be leveraged for IoT data collection and forwarding

to the ground control center through its gateway.

7.3.2.3 Establishing and maintaining inter-HAPS links

To support connectivity over wide areas, such as countries and trans-continental highways,

several HAPS-RS nodes can be deployed. Together, the nodes can form a HAPS constella-

tion with several gateways and inter-HAPS links to enable mesh networking among them

and bypass any failure within the constellation. These inter-HAPS links can be achieved

through the HAPS-RS mode using either RF or FSO signals [110].

7.3.3 HAPS-RIS

Both HAPS-SMBS and HAPS-RS require active communication payloads, which consume

considerable amounts of energy. Although a HAPS-RS consumes less energy than a HAPS-

SMBS, the energy consumed by the former nevertheless impacts the operating lifetime of

the HAPS. To further reduce power consumption and extend the loitering time of HAPS,

a passive communication payload can be utilized. Passive communication payloads have

already been adopted in satellites, such as the Echo satellite, the Lincoln calibration sphere,
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and the Passive Geodetic Earth Orbiting Satellite (PAGEOS), launched in 1960, 1965, and

1966, respectively, and all using passive re�ective satellite surfaces. Nevertheless, due to

the high altitude of these satellites, applications were limited to low-rate and delay-tolerant

ones.

Recently, RIS has attracted interest as a novel passive communication technology. More

speci�cally, RIS is a nearly passive technology that uses massive re�ective elements to alter

and re�ect the incident RF signals through phase shifting. Since RIS phase shifting can

be smartly and dynamically adjusted, the RIS performs better than conventional passive

re�ection [69]. Also, due to the absence of RF chains in RIS, it is more energy-e�cient

than conventional relays.

Given the opportunities o�ered by RIS, its integration into HAPS as a light communi-

cation payload has been discussed in chapter 4 and presented in previous works [69, 103].

A comparison between HAPS-RS and HAPS-RIS conducted in chapter 4 (Table 4.1) has

shown that HAPS-RIS is more energy-e�cient and cost-e�ective. Moreover, most of the

applications targeted by HAPS-RS, such as backhauling, supporting IoT systems, and

inter-HAPS links, can be handled by HAPS-RIS. Other use cases can be also listed, in-

cluding the following:

7.3.3.1 Securing communications

Due to its unique properties for signal manipulation, including re�ection and absorption,

RIS can be used to enhance physical layer security (PLS). This was studied in UAV systems

[112], where a UAV-RIS trajectory was jointly optimized with phase shifting to maximize

the secrecy energy e�ciency. The results demonstrated the UAV-RIS's ability to enhance

secure energy e�ciency by up to 38% compared to a benchmark without an RIS. With

HAPS-RIS, PLS can be extended to large areas where legitimate signals are focused towards

their users, while nulling the signals' energy in an eavesdropper's direction. Also, HAPS-

RIS can send jamming signals to an eavesdropper to prevent decoding legitimate signals.

Finally, HAPS-RIS can block the jamming signal of an attacker through signal absorption.

7.3.3.2 Supporting beyond-cell communications

In dense urban environments, communication links between gNBs and users may be de-

graded because of blockages or overloaded gNBs. To bypass these issues and connect
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Figure 7.1: Relation between applications and enabling HAPS modes.

dropped users by the gNBs, HAPS-RIS can be leveraged to connect those users through a

dedicated ground station [113].

7.4 Proposed Multi-Mode HAPS Communication Pay-

load

As discussed in the previous section, based on the HAPS payload type, di�erent applica-

tions and use cases can be realized. The relation between a payload type and the suitable

applications is shown in Fig. 7.1. In general, as more active elements and processing power

are included in HAPS payload, more use cases can be served. However, this will inevitably

increase energy consumption and limit the mission duration. Also, demands may change

dynamically, and so deploying a single-mode HAPS may not be cost-e�ective.

To overcome the limits of a single mode payload, we propose a multi-mode HAPS

payload, where both passive and active components can be integrated. For the passive
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Figure 7.2: HAPS mode selection mechanism.

payload, RIS layer can be integrated on the underside of HAPS. Also, active components

for signal processing and channel estimation can be included. The active elements can

be remotely controlled and switched ON/OFF opportunistically based on the use case

demands and the application requirements. The functioning mechanism of the multiple

HAPS payload can be either based on a mode selection or cooperation-based approach.

While a mode selection based approach maximizes the energy e�ciency, a cooperation-

based approach enhances reliability and communication performance.

7.4.1 HAPS Mode Selection

The mode selection mechanism is summarized in Fig. 7.2. We assume that the HAPS has a

control circuit that exploits a low-power control channel to receive user requests. Whenever

a request is received, the HAPS starts identifying the nature of the request among di�erent

types, such as communication, content delivery, caching or task-o�oading/computation.

For a communication request, all modes compete among each other to maximize/minimize

a prede�ned objective. For instance, assuming that the objective is to minimize the HAPS's

communication energy consumption in a backhauling scenario, then the HAPS-RIS mode

might be selected if it satis�es the QoS requirements with minimal energy. If the objective

is to maximize the backhauling capacity, then based on HAPS's location, available energy,
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and RIS size constraints, the best mode can be determined.

When a content delivery request is received, the HAPS checks if it is able to satisfy it

directly, i.e., if it has previously cached the content. If this is the case, then the HAPS-

SMBS mode is activated and it precodes the content to send it to the user. Otherwise,

HAPS-RS or HAPS-RIS mode is activated to forward the content from the core network

to the user, via its ground communication gateway. If the pulled content is highly popular,

HAPS-SMBS mode is switched on to proactively cache the content for future use.

Finally, when a task o�oading/computing request is received, the HAPS-SMBS mode

evaluates its capacity to process the task and resulting energy consumption, given the task

o�oading latency constraint. In the meantime, both HAPS-RS and HAPS-RIS modes

optimize their objectives if the task is forwarded to an available ground cloud/fog/edge

server. The mode that is expected to achieve the best objective performance will be chosen.

7.4.2 Bene�ts

A multi-mode HAPS presents several bene�ts. First, through its ability to adaptively

switch between modes, it ensures that the active components are used only for particular

demands and use cases. Hence, passive components are often used, which signi�cantly

reduces energy consumption, and this ultimately extends the HAPS �ight duration. More-

over, the availability of multiple modes guarantees robustness against equipment failure.

For instance, if the active radio transceivers required for the HAPS-SMBS and HAPS-RS

modes fail, the HAPS-RIS mode can take over temporarily, until the faulty equipment is

�xed. Finally, performance can be enhanced through the combination of several modes.

For instance, by using RIS at the SMBS transmitter, reliable and high order modulation

signals can be transmitted in an energy-e�cient manner [103]. Also, by simultaneously

using the RIS and RS modes for signal forwarding and selection combining at the receiver,

the communication performances in terms of capacity and outage probability are expected

to improve, as demonstrated for RIS and RS equipped UAV systems [114].

7.4.3 Challenges and Research Directions

The design of an e�cient multi-mode HAPS switching mechanism is a challenging task.

The mechanism needs to consider several parameters, e.g., user locations, channel state

information (CSI), type of demand, current caching and computing status of the HAPS
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and cloud server, which may not be all available in a timely manner for a rapid switching

decision. Consequently, the mode selection strategy has to rely on partial or no prior

knowledge of these parameters, and it must make decisions rapidly and be adaptable to

the environment's tra�c and mobility dynamics. To cope with these conditions, centralized

or decentralized machine learning-based mode selection can be developed and evaluated.

Moreover, since computing and caching are supported by the HAPS-SMBS mode, prob-

lems of task o�oading to the cloud and reactive/proactive caching at the HAPS must be

rigorously treated. Although conventional solutions to task o�oading and caching can be

adopted, their development in the context of HAPS systems is still in its infancy [115, 116].

Finally, mode switching may seem straightforward when aiming to satisfy a single

demand or homogeneous demands. However, operating a multi-mode selection to satisfy

heterogeneous demands may become di�cult and very complex, since one mode may be

adequate for a set of demands, but not necessarily for a di�erent set. Consequently,

more advanced mode selection approaches should be developed while taking into account

the heterogeneity of demands. A combination of multiple access techniques [117] and

simultaneous activation of di�erent modes may be considered in such conditions.

7.5 Case Study

In this case study, we discuss the di�erences between HAPS communication modes in terms

of capacity, energy e�ciency, and latency. Also, we identify the conditions favorable to the

selection of one speci�c mode over another.

7.5.1 HAPS-RS versus HAPS-RIS

We consider a backhauling scenario for tra�c from a gNB located at 60 km away from

its core network gateway, via a HAPS-RS or a HAPS-RIS. We assume that the gNB is

equipped with two antennas: The �rst serves terrestrial users, while the second ensures

communication with the HAPS. We assume that the gNB's transmit power and antenna

gain are PgNB = 35 dBm and GgNB = 15 dB, respectively (TR 136.942). The gateway uses

a highly directional antenna to communicate with the HAPS, having maximum power and

gain set to Pmax
0 = 33 dBm and Gmax

0 = 43.2 dB, respectively (TR 38.811). For the HAPS-

RS, we assume that it is equipped with a half-duplex decode-and-forward relay that has
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Figure 7.3: Backhauling capacity comparison between HAPS-RS and HAPS-RIS.

antenna gain GRS = 15 dB, while its payload power consumption is up to 1 kW, as speci�ed

for the X-Station HAPS developed by StratXX. Finally, for the HAPS-RIS communication

payload, power consumption is issued from RIS phase-shifting, which depends on the used

technology and phase-shift resolution. Typically, a 6-bit phase-shifting resolution would

consume around 7.8 mW per RIS re�ecting element [118]. Thus, its total consumption is

N × 7.8 mW, where N is the number of re�ecting elements.

For a fair comparison between the HAPS-RS and HAPS-RIS, we respect the power

conservation principle. Speci�cally, the gateway's transmit power in the HAPS-RIS sce-

nario (Pmax
0 ) is equal to the sum of transmit powers of the gateway (P0 = αPmax

0 ) and

relay (PRS = (1−α)Pmax
0 ) in the HAPS-RS scenario, where 0 < α < 1. Finally, we set the

operating frequency to 2 GHz, while the details of the channel and capacity calculations

are provided in [103].

Fig. 7.3 illustrates the backhauling capacity performance of the HAPS-RS and HAPS-

RIS as a function of the horizontal distance between the HAPS and gateway, where the

horizontal distance is measured between the projection of the HAPS location on the ground

and the gateway's location. For the HAPS-RS, we evaluated the capacity for �xed α = 0.5

and optimal α, i.e., the one that achieves the best performance, while for the HAPS-RIS,
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Figure 7.4: Energy e�ciency comparison between HAPS-RS and HAPS-RIS.

we evaluated the capacity for N ∈ {10000, 30000, 50000}. As the distance from the gate-

way increases, i.e., HAPS gets closer to gNB, the HAPS-RS demonstrates a performance

improvement with a maximal capacity achieved when it is on top of the gNB. Indeed,

the decoding e�ciency of the HAPS-RS improves when it gets closer to the gNB, while

the gateway and its high antenna gains compensate for the degarded communication link

between the HAPS-RS and the gateway. When α = 0.5, the capacity is degraded by 11%,

compared to the optimal case. Using the HAPS-RIS instead, we notice that two optimal

locations are identi�ed at distances of 6.9 km and 52.3 km. This result agrees with our

�ndings in [103]. Also, the backhauling capacity enhances with N . This is expected since

a higher number of carefully con�gured re�ecting elements N allows the HAPS to generate

a stronger re�ection gain. From the backhauling capacity perspective, the mode selection

between HAPS-RS and HAPS-RIS depends on several parameters, namely the HAPS's

location and N . For instance, if N = 30000, the HAPS-RS mode would be preferred when

the horizontal distance from the gateway is above 21.5 km, while the HAPS-RIS mode

would be recommended if the HAPS were closer to the gateway.

Fig. 7.4 presents the related energy e�ciency performance, de�ned as the ratio between

the backhauling capacity and consumed energy. As we can see, the HAPS-RIS performs
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better for any N and location, due to the power consumption of the RIS being lower than

that of active relaying. Finally, as shown in Figs. 7.3� 7.4, HAPS-RIS mode demonstrates

small performance variations with distance (around 5%), which make it more resistant to

location drifting than the HAPS-RS mode.

7.5.2 HAPS-SMBS versus HAPS-RS/HAPS-RIS

We consider here a task-o�oading scenario where a gNB can o�oad its task to the HAPS or

to the cloud. Speci�cally, the HAPS-SMBS mode allows processing tasks using its onboard

computation and caching capabilities, while the HAPS-RS/HAPS-RIS forwards the tasks

to the gateway for processing within the cloud. Nevertheless, due to the relatively limited

payload of the HAPS-SMBS, its computational capability FH (in CPU cycles/second) is

typically lower than that of the cloud, denoted by FC , while its communication latency is

lower than that of the HAPS-RS/HAPS-RIS systems since the latter must reach the cloud

via the ground gateway. The summation of the two, i.e., computation and communication

latencies, de�nes the task-o�oading latency.
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In Fig. 7.5, we compare the performance in terms of task-o�oading latency for the

HAPS-SMBS and HAPS-RS/HAPS-RIS systems as a function of the task's data size, and

given di�erent values of FH . For these simulations, we considered the same assumptions

as in the previous subsection, except for the location of the HAPS, which is optimized

according to the adopted mode. Also, we assume that FC = 4 × 109 CPU cycles/second,

and that each data unit requires 4 CPU cycles to be processed. Accordingly, we see in Fig.

7.5 that any mode's latency performance degrades linearly with the data size. Moreover,

the HAPS-SMBS is the preferred mode for small data sizes, while HAPS-RS/HAPS-RIS

modes are recommended for large data sizes and FH < FC . To conclude, the selection of

the mode for task-o�oading depends on several parameters, including the data size, HAPS

location, FH , and N .

7.6 Conclusion

In this chapter, we proposed a novel HAPS operating mechanism where the communication

payload could switch between multiple modes, namely SMBS, RS, and RIS. First, we

compared the HAPS features to those of other NTN systems, followed by a discussion

about each HAPS mode, its characteristics, and potential applications. Then, we proposed

our multi-mode HAPS vision, where the related mode selection mechanism, bene�ts, and

potential challenges, were presented. Subsequently, we developed a case study to evaluate

the performances of each HAPS mode and to identify the auspicious conditions for the

selection of a speci�c mode among the available ones.
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Chapter 8

Summary and Future Work

8.1 Summary

B5G networks will be a paradigm shift in wireless communication networks. They will

support a wide range of use cases and novel applications. Several enabling technologies

were introduced to achieve the vision and ful�ll the goals of future wireless networks.

These enabling technologies including IoT networks, aerial and stratospheric platforms, and

recon�gurable intelligent surfaces. Rather than utilizing and studying the potentials of the

aforementioned technologies separately, we focused in this dissertation on the integration

of these technologies. Thus, the bene�ts of each technology will be reinforced and hence

more use cases and applications can be supported. In this dissertation, several problems

associated with the integration between these technologies were studied.

Since WSNs are the basis of IoT networks, we proposed in Chapter 2 a framework for

data collection in WSNs using multiple UAVs. The framework aimed to collect data in

the shortest time and at the lowest cost, in terms of deployed cluster heads and UAVs.

Speci�cally, we used clustering to optimize the number and locations of cluster heads.

Then, we leveraged heuristic solutions to mTSP and TSPN to obtain optimized number

and trajectories of UAVs. Simulation results provide guidelines for data collection design

in WSNs including clustering approach and requirements, and UAVs trajectory design.

For the trajectory planing, the heuristic GA was shown to be near-optimal with only 3.5%

degradation. By considering the UAVs coverage areas in determining the UAVs hovering

locations of visited CHs, data collection times can be minimized. In addition, the data

collection time is signi�cantly a�ected by the environment and the UAV altitude. Finally,

128



the importance of fairness measure in designing the trajectories of multiple UAVs in large

WSNs is discussed.

Following the data collection framework presented in Chapter 2, we proposed in Chap-

ter 3 an improved clustering algorithm to optimize the number and locations of CHs, which

gather data from associated IoT sensors. Then, we optimized the UAVs trajectories taking

into account the IoT network deadlines and the UAVs energy constraints. Simulation re-

sults show the e�ciency of the proposed clustering algorithm which outperforms baseline

approaches. Moreover, we showed that moving CHs closer to the dockstation provided a

signi�cant energy saving. On the other hand, the trajectory planning was formulated as

a CVRPTW problem, and several heuristic approach were utilized to solve it. By com-

paring di�erent trajectory designs including Tabu search, gradient descent and simulated

annealing, it is shown that Tabu search achieves the best UAV trajectory design. Finally,

we studied in this Chapter the impact of the battery capacity and time deadline in terms

of energy consumption, number of visited CHs, and number of deployed UAVs.

Given the limited energy issue of UAVs, discussed on Chapter 3, which limit their �ight

duration, we proposed in Chapter 4 the integration of an energy-e�cient communication

payload on aerial and stratospheric platforms. In this chapter, we introduced our vision for

integrating RIS technology into aerial platforms as a novel B5G paradigm. In this chapter,

an overview of RIS technology, its operations, and types of communication were provided.

Then, a control architecture for RIS-equipped aerial platforms was proposed. We discussed

further potential use cases for integrating RIS on HAPS, UAVs and tethered balloons.

These use cases include backhauling, IoT data collection and supporting terrestrial and

aerial users. The main advantages achieved by integrating RIS in aerial platforms are

energy e�ciency, lighter payload, and lower system complexity, which results in extended

�ight durations and more cost-e�ective deployment. Finally, we discussed several challenges

and research problems related to this integration.

Following our vision of integrated RIS in aerial platforms presented in Chapter 4, we

discuss in details in Chapter 5 the link budget analysis for RIS-equipped HAPS, UAVs

and LEO satellites. We presented two re�ection paradigms, namely, specular and scat-

tering re�ection, and discussed their realization conditions. Also, we derived the optimal

location for RIS-equipped platform under each re�ection paradigm. The performance of

RIS-assisted aerial platforms was evaluated using 3GPP standards for the channel models.

The obtained numerical results provided important insights and design guidelines:

129



� While specular re�ection has better performance, the scattering paradigm is gaining

more interest in the research community due to its practical accuracy.

� HAPS-RIS has superior performance in di�erent types of environments, compared to

terrestrial and other aerial platforms.

� The received power performance is limited by the sizes of the RIS surface and re�ector

unit.

� The link budget of the scattering refection paradigm becomes independent from the

carrier frequency, when the maximal number of re�ectors in a surface is utilized.

� Supporting ground users with RIS-equipped LEO satellites or a single UAV might

not be feasible. Nevertheless, RIS can be used to assist inter-UAV or inter-LEO

communications. Also, a swarm of RIS-equipped UAVs can support terrestrial users.

� Finally, the best RIS-equipped platform location signi�cantly depends on the oper-

ating altitude, coverage footprint, and environment type.

Based on the potentials of HAPS-RIS demonstrated in Chapters 4 and 5, we intro-

duced in Chapter 6 the concept beyond-cell communications , where HAPS-RIS is utilized

to complement terrestrial networks by supporting unserved UEs. Several resource alloca-

tion optimization problems were formulated to design the CS power and RIS unit allocation

strategies. The optimization objectives included throughput maximization, max min rate,

and minimal usage of RIS re�ectors. Besides, for an area with a large number of UEs

or covered by a limited size of HAPS-RIS, we proposed a resource-e�cient approach for

maximizing the percentage of connected UEs using minimal CS power or RIS units. The

results showed the capability of beyond-cell communications approach to complement ter-

restrial networks and support unserved UEs with a minimal BSs density. Furthermore,

the results showed the superiority of the proposed solutions over the benchmark approach

and demonstrated the trade-o� between the total and average rate performance and the

fairness among UEs. Finally, the results demonstrate the impact of the HAPS size and the

QoS requirement on the percentage of connected UEs and the e�ciency of the system.

Given the di�erences between HAPS communication payload in terms of capabilities

and energy requirements, we propose in Chapter 7 a novel multi-mode HAPS, where the

communication payload adaptively switch between multiple modes, namely SMBS, RS,

and RIS. We started by comparing the HAPS features to UAVs and LEO satellites. Then,
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we discuss the characteristics of each HAPS mode and its potential applications. Next,

the vision of multi-mode HAPS payload and its selection mechanism is illustrated. Sub-

sequently, the bene�ts of multi-mode HAPS and the associated potential challenges were

presented. Finally, a case study is developed to evaluate the performances of each HAPS

mode and to identify the conditions for selecting a speci�c mode among others.

8.2 Future Research Directions

8.2.1 Hybrid OMA/NOMABeyond-cell Communications Assisted

by HAPS-RIS

In Chapter 6, it is demonstrated that beyond-cell communications through HAPS-RIS can

work in tandem with terrestrial networks, absorb increase in UEs density and support un-

served users. In that study, di�erent network objectives were studied including throughput

maximization, worst UE rate maximization, re�ecting units minimization and resource ef-

�cient maximization. In that study, Orthogonal Multiple Access (OMA) communications

were considered to avoid the strong interference between supported UEs. However, given

that the HAPS coverage area is wide, and the number of UEs to be supported is large, OMA

might not be a spectral-e�cient solution. Non Orthogonal Multiple Access (NOMA) is con-

sidered as one of the promising technologies for future networks that o�er spectral-e�cient

communications [119]. Therefore, we propose to enhance the �beyond-cell � communications

through HAPS-RIS by adopting a hybrid OMA/NOMA scheme. The basic idea is that

K UEs in the area will be divided in two sets, K1 supported through direct connection

to BSs, whereas K2 will be supported through HAPS-RIS. Then, K2 UEs will be divided

in clusters, based on their locations. As illustrated in Fig. 8.1, UEs in same clusters use

di�erent subcarriers (OMA) communications, while UEs in di�erent clusters can use same

subcarriers through NOMA technique. This hybrid OMA/NOMA scheme can be realized

in two di�erent ways, as discussed in the following subsections.

8.2.1.1 Frequency-division based NOMA transmission

In this scheme, we divide K2 users in C clusters with two users in each cluster such that

K2 = 2C. Further, total bandwidth is also divided into C subcarriers each of bandwith

4B. On each subcarrier, not more than two users can be served simultaneously, and the
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Figure 8.1: Hybrid OMA/NOMA scheme, where UEs in the same cluster use OMA scheme.

data of those two users are transmitted using the NOMA principle. Further, each user is

allowed to be served via one subcarrier.

We de�ne a binary user-subcarrier association matrix F with elements are denoted by

fk,j ∀k ∈ {1, . . . , K2}, j ∈ {1, . . . , C} and takes value either a 1 or a 0. fk,j = 1 indicates

that the user k uses the subcarrier j otherwise is zero. The total sum rate (SR) of the

proposed system via the FD-based RIS-enabled HAPS is expressed as:

SR =
C∑
j=1

1

C

K2∑
k=1

log2

(
1 +

|hHk,jΦjHj|2pk,jfk,j∑K2

m>i |hHk,jΦjHj|2pm,jfm,j +4BN0

)
, (8.1)

where hk,j and Hj denote the jth subcarrier's channel vector and matrix between the RIS

and the user k and between the control station and the RIS. Φj denotes the re�ection

coe�cient (RC) matrix used for the subcarrier j and pk,j denotes the power allocated to

the user k on the subcarrier j.
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8.2.1.2 Time-division based NOMA transmission

In this scheme, the total transmission time is divided into C equal timeslots of duration4T
and each of the timeslots uses the full available bandwidth. In each timeslot, not more than

two users can be served simultaneously, and the data of those two users are transmitted

using the NOMA principle. Further, each user is allowed to use only one timeslot.

Similar to the previous case, we de�ne a binary user-timeslot association matrix F with

elements are denoted by fk,j ∀k ∈ {1, . . . , K2}, t ∈ {1, . . . , C} and takes value either a 1 or

a 0. fk,t = 1 indicates that the user k uses the timeslot t otherwise is zero. The total sum

rate of the proposed system via the TD-based RIS-enabled HAPS is expressed as:

SR =
C∑
t=1

4T
K2∑
k=1

log2

(
1 +

|hHk,tΦtHt|2pk,tfk,t∑K2

m>i |hHk,tΦtHt|2pm,tfm,t + σ2

)
, (8.2)

where hk,t and Ht denote the tth timeslots's channel vector and matrix between the RIS

and the user k and between the control station and the RIS. Φt denotes the RC matrix

used for the timeslot t and pk,t denotes the power allocated to the user k in the timeslot t.

8.2.1.3 Problem Formulation

Our goal is to maximize SR of all UEs based on di�erent time/frequency allocation strate-

gies and by utilizing NOMA techniques. The formulated problem and the system con-

straints can be written as:

maximize
F,Φ,P

SR (8.3a)

s.t. Rk ≥ Rth, ∀k = 1, 2, . . . , K2 (8.3b)
C∑
j=1

Nj ≤ Nmax (8.3c)

φi,k ∈ {0,∆φ, 2∆φ, . . . , (2b − 1)∆φ}, ∀i = 1, 2, . . . , Nk, ∀k = 1, 2, . . . ,K2, (8.3d)
J∑
j=1

K2∑
k=1

pk,j ≤ P cs
max (8.3e)

Nj,min ≤ Nj ≤ Nj,max (8.3f)
K2∑
k=1

fk,j = 2, ∀j ∈ {1, . . . , C} (8.3g)

J∑
j=1

fk,j = 1, ∀j ∈ {1, . . . , C} (8.3h)

fk,j ∈ B, ∀j ∈ {1, . . . , C}, k ∈ {1, . . . , K2} (8.3i)
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8.2.2 Con�guration of RIS-equipped Aerial Platforms

In Chapter 5, we analyze the link budget of RIS-equipped aerial platforms assuming the

RIS has the capability of perfect phase shift. However, in practice, RIS units can be

con�gured for a discrete �nite set of phase shifts and thus perfect phase shifts can't be

realized.

Indeed, each element of RIS units has a tunable impedance which is controlled us-

ing switches. Based on the con�guration of the switches, the re�ection coe�cient can be

changed, which implies that the amplitude and phase-shift of the re�ected signal are mod-

i�ed. To focus the re�ected beam toward a user in a certain direction, as indicated in Fig.

8.2, we need to con�gure the switches of the RIS units in such a way that the signals from

N RIS units will be added constructively at the receiver.

Since the RIS is passive, it will not amplify or process the signals. The transmitter,

which might be a BS or a gateway, will send the best con�gurations for the RIS units.

As a future work, we plan to propose an approach for optimizing the con�guration of

the RIS units. This will include estimation of the channels and determination of the best

con�gurations. Also, we aim to study the impact of the number of available states for

the RIS units on the system complexity and the achieved performance. Furthermore, we

intend to investigate the mobility of aerial platforms and the associated e�ects such the

Doppler e�ects on the RIS con�gurations.

8.2.2.1 System Model

We consider the RIS-assisted communications on aerial platforms are carried out us-

ing orthogonal frequency-division multiplexing (OFDM). Let x[k] denote the transmitted

discrete-time signal in the complex baseband domain. The corresponding received discrete-

time signal is y[k] in the complex baseband and is given by

y[k] =
M−1∑
l=0

hθ[l]x[k − l] + w[k] (8.4)

where hθ[l] : l = 0, ...,M − 1 is the �nite impulse response (FIR) �lter with M coe�cients,

that describes the communication channel and w[k] is the receiver noise. ForK subcarriers,

the transmitted OFDM block can be represented as

ȳ[v] = h̄θ[v]x̄[v] + w̄, v = 0, K̇ − 1 (8.5)
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where

ȳ[v] =
1√
K

K−1∑
k=0

y[k]e−j2πkv/K , (8.6)

x̄[v] =
1√
K

K−1∑
k=0

x[k]e−j2πkv/K , (8.7)

h̄θ[v] =
1√
K

M−1∑
k=0

h[k]e−j2πkv/K , (8.8)

w̄[v] =
1√
K

K−1∑
k=0

w[k]e−j2πkv/K . (8.9)

In a short form, the received signal of one OFDM block can be written as

ȳ = h̄θ � x̄ + w̄, (8.10)

where all the vectors are of length K and � denotes element-wise product. The discrete-

time impulse response of the channel (hθ[k]) can be represented as

hθ[k] =



√
α1e

−j2πfcτα1

...
√
αNe

−j2πfcταN


︸ ︷︷ ︸

Channel Tx-RIS

�


√
β1e
−j2πfcτβ1

...
√
βNe

−j2πfcτβN


︸ ︷︷ ︸

Channel RIS-Rx



T 
√
γ1e
−j2πfcτθ1

...
√
γNe

−j2πfcτθN


︸ ︷︷ ︸

RIS con�gurations

(8.11)

where {αn, ταn} and {βn, τβn} denote the losses between the transmitter and nth element,

and from nth element to the receiver, respectively. Also, γn and τθN represents the re�ection

loss and the induced phase shift by the nth element.

It is clear from (8.11) that the channel vector h̄θ depends on the RIS con�gurations

and the cascaded channels between RIS and the transmitter, and between RIS and the

receiver.

To select good con�gurations of the RIS, we need to estimate the unknown part of

h̄θ, which is the cascaded channels. This can be estimated by sending pilot signals with

di�erent con�gurations, and trying to extract h̄θ from the noisy received signal ȳ.

We intend in this line of research to study the estimation of the channel and the

optimization of the RIS con�gurations.
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Figure 8.2: RIS on aerial platforms focus the re�ected signal toward a targeted user.

8.2.3 Energy Management for HAPS with Recon�gurable Smart

Surfaces

The communications performance for RIS-assisted communications was extensively inves-

tigated form di�erent aspects in the literature. Although the main motivation introduced

for RIS technology is the energy saving, few studies discuss the energy issues for RIS sys-

tems. Due to the passive nature of RIS units, the energy consumption of RIS-assisted

communications is often ignored in most studies.

In fact, RIS technology consumes energy for controlling and con�guring the switches of

the RIS units. This energy consumption might be negligible when utilizing RIS in terrestrial

environments. However, aerial platforms have limited onboard energy, and therefore the

energy consumption analysis of RIS-equipped aerial platforms is essential.

As demonstrated in Chapter 5, HAPS-RIS has superior performance compared to other

platforms due to its huge size surface. However, large surfaces consume more energy for

con�guration, and thus the energy consumption should be carefully studied. Also, the main

source of energy for HAPS is the solar energy generated by the solar cells on the surface.
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Therefore, the surface areas dedicated to RIS for communications versus the surface area

dedicated to solar cells for energy generation should be carefully designed.

As a future work, we intend to �ll the gap in literature about analyzing the energy

consumption for RIS communication systems. We plan to study this in the context of RIS-

equipped HAPS assisted communications. As illustrated in Fig. 8.3, HAPS includes three

onboard subsystems, namely, the energy subsystem, �ight subsystem and the communi-

cation payload subsystem. The energy subsystem is responsible to generate the energy

using the solar cells. The generated energy by the energy subsystem is consumed by the

other two subsystems. We aim to study the trade o� between the achieved performance

with RIS-assisted communications and the reduction of the generated energy due a smaller

area remaining for the solar cells. Also, we intend to compare that to tradditional HAPS

payload, such as HAPS-BS and HAPS-RS.

8.2.3.1 System model

HAPS can relay on di�erent energy sources such as fuel tanks, batteries and microwave

or laser beams. However, most recent HAPS projects consider the solar energy as the

main energy source for HAPS. Solar panel area (Ap) plays a crucial role in determining

the amount of the generated energy (Eg). It is expressed as [120]

Eg = ApψGT i (8.12)

where ψ is the e�ciency of the solar cells, and GT i is total solar irradiance per m2 at

stratospheric altitude on a given day of the year at a particular latitude.

The generated energy during the daylight will be stored for night to ful�ll the �ight

and the communications functions. Thus, the total consumed energy by HAPS-RIS (Etc)

is

Etc = Ef + ERIS (8.13)

where Ef is the energy consumed by the �ight subsystem, which is dependent on the type

of HAPS, the characteristics of its propulsion system and the �ight pattern. ERIS is the

consumed energy by the RIS layer on the HAPS. The power consumption of RIS units

depends on their types, con�guration technology and the phase shifting resolution. The

consumed energy ERIS can be expressed as

ERIS = NPn(b)Tcom (8.14)
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Figure 8.3: HAPS onboard subsystems.

where N denotes the number of re�ector units, and Pn(b) stands for the power consumed

by each RIS unit with b-bit resolution. Tcom is the communications duration, which is

equal to 3600 s for continuous 24 h communications support.

For sustainable HAPS deployment, the generated energy must be su�ciently large than

the consumed energy by the payload and the �ight subsystems. As discussed previously,

the performance of RIS-assisted communications enhances proportionally with the number

of re�ector units N and their resolution. However, this will involve an increased of the RIS

consumed energy, as indicated in (8.14). Also, increasing N implies reduction in the area

for the solar cells Ap, which will reduce Eg, as seen in (8.12). Therefore, careful design and

selection of these parameters is essential for energy-e�cient HAPS-RIS communications.

8.2.4 Recon�gurable intelligent Surface-Assisted Control of Un-

manned Aerial Vehicles in Dense Urban Environments

UAVs have been extensively used for military applications in the past. Nowadays, UAVs

are utilized for several civil applications such as package delivery, monitoring, putting

o� �res, disinfecting areas and collecting data from WSNs. These UAVs are controlled

through either a remote controller with a dedicated radio link, or they can be connected

and controlled through mobile network. Utilizing terrestrial BSs for controlling UAVS are
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considered more bene�cial due to the potential of real time information exchange between

the UAVs and the control BS. Also, the availability of terrestrial BSs and their support of

NLOS communications as well as their handover mechanism make them more favorable for

controlling UAVs. However, one of the biggest issues that hinder using mobile networks

for controlling UAVs is the limited coverage of the terrestrial BSs at the UAV height

levels. This is due to current terrestrial BSs are optimized for terrestrial users, where the

BS antennas are tilted down for increasing terrestrial coverage and mitigating inter-cell

interference. Hence, UAVs in the sky are served by side-lobes of the BS antennas, which

results in limited coverage. It is experimentally validated in [121] that in spite of a favorable

free space wireless channel between a BS and a UAV, it is subjected to an excessive path

loss dependent on the tilt angle and the UAV position. Therefore typically, the mobile

network coverage is limited to a maximum height of (1000 ft ' 300 m). The popularity of

civil applications of UAVs, such as delivery applications, depends on how we can enhance

the coverage of mobile networks for aerial users.

To this end, passive recon�gurable intelligent surfaces (RIS) have been introduced as

an energy-e�cient and cost-e�ective solution for improving wireless communications. By

con�guring the RIS units, electromagnetic signals can be adjusted and smartly focused

to a target direction. RIS is a thin layer of meta-surface modeled as zero thickness sheet

and therefore it is envisioned to coat di�erent environmental objects such as walls of the

buildings, furniture, clothing and any object in indoor or outdoor environments [10].

Most of the previous experiments and works about RIS consider their deployment in

terrestrial environments to support indoor or outdoor terrestrial users. In Chapters 4 and

5, we introduced our vision of using RIS on aerial platforms and discuss in detail their

potentials.

On the other hand, RIS in terrestrial environments can be utilized to support aerial

users. We envision in future wireless communications, several buildings, especially in dense

urban environments, will be coated by RIS layers to support both terrestrial and aerial

users. Through the re�ections of coated buildings with RIS, the command and control

signals sent by a terrestrial BS can be re�ected and focused toward the UAV during its

path toward the destination.
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8.2.4.1 System model

We consider an urban environment consists of conventional buildings and other modern

smart buildings which are coated with RIS. Based on the size of each smart building, the

number of re�ectors on each building is di�erent. The area of interest is served by a single

or several terrestrial BSs dedicated for terrestrial users. A UAV controlled by the BS has to

reach the destination point for a certain mission. An illustration of the described system

is depicted in Fig. 8.4. In order to support the control signals transmitted by the BS

to the UAV, RIS on smart buildings re�ect the transmitted signal to the UAV location.

As seen in Fig. 8.4, there are three wireless links: (BS-UAV, BS-RIS, and RIS-UAV).

The �rst link is the direct signal between the BS and the UAV, which is modeled by free

space path loss model. However, Since the BS antenna is tilted down, a small fraction

of the antenna gain contributes to the direct link, while most of transmitted power gain

dissipates in the terrestrial network. The received signal at the smart building through the

BS-RIS link is subjected to multi-path fading modeled by Rayleigh distribution. The RIS

adjust the phases of the received signals and re�ect them to the UAV. This RIS-UAV link

also undergoes to free space path loss model. The received power signal at the UAV Pr

is the sum of the received powers by the direct signal Pr1 and the re�ected signal Prr2,

(Pr = Pr1 + Pr2 ). The average received power by the direct signal from the BS to the

UAV can be expressed as follows:

Pr1 =
gPt
PL1

(8.15)

where g � 1 represents the partial gain of the transmitted power Pt for the direct link.

PL1 is the average path loss between the BS and the UAV, which can be obtained as

follows:

PL1 =

(
4πd1

λ

)2

(8.16)

where λ is the wavelength and d1 represents the distance from the BS to the UAV.

For the terrestrial link BS-RIS, the average received signal at the RIS (Prs) obtained

as

Prs = (1− g)
Pt
PL2

h (8.17)

where h captures the multipath Rayleigh fading e�ect, and PL2 represent the terrestrial

140



path loss in the BS-RIS link, which can be obtained as

PL2 =

(
4πd0

λ

)2(
d2

d0

)α
, α > 2 (8.18)

where α is the path loss exponent, d0 is a reference distance and d2 is the distance between

the BS and the RIS.

The RIS in a smart building controlled by software commands adjust the phases of the

received multi path signals and re�ect them to the UAV location. Let S(t) represents the

transmitted signal to the RIS, and N is the number of re�ectors in a smart building. Then,

the multipath received signal at the RIS is

y(t) =
N∑
i=1

aiS(t− τi)e−jθi + n (8.19)

where ai and θi represents the magnitude and phase of path i. Additionally, n denotes the

additive white Gaussian noise (AWGN) with variance No.

Assuming narrow band system, S(t − τi) ≈ S(t). Then, the received signal after the

induced phase shift φi by each re�ector is

y(t) = S(t)
N∑
i=1

aie
−j(θi−φi) + n. (8.20)

We assume perfect knowledge of channel state information and multipath phases. Also,

the capability of continuous and full control of RIS is considered. Thus, all the multipath

signals are added constructively and the re�ected signal will be

y(t) = S(t)
N∑
i=1

ai + n (8.21)

where ai is a Rayleigh random variable, whose expected value is given as

E [ai] = σ

√
π

2
(8.22)

where σ is a scaling parameter of the distribution.

Thus, the average power of the re�ected signal (Pref ) is

Pref =
[
S N E [ai]

]2
. (8.23)

The received signal at the UAV which is smartly re�ected by the RIS is given as

Pr2 =
Pref
PL3

=

[
S N σ

√
π
2

]2

PL3

(8.24)

141



Figure 8.4: BS-UAV communications are supported by re�ections from smart buildings.

where PL3 is the free space path loss between RIS and UAV, which is dependent on the

distance between them.

By combining (8.15) , (8.17) and (8.24), the total average received power at the UAV

is

Pr =

(
λ

4π

)2

Pt

[
g

d2
1

+ (1− g)

(
λ

4πd3d0

)2(
do
d2

)α
N2 E[a]2

]
. (8.25)

Accordingly, the received signal-to-noise ratio (SNR) can be written as

γ =

(
λ

4π

)2

Pt

[
g

d2
1

+ (1− g)

(
λ

4πd3d0

)2(
do
d2

)α
N2 σ2 π

2

]
σn2

. (8.26)

When SNR γ in 8.26 is larger than γth, the communications to the UAV is considered

reliable.

8.2.4.2 Problem Description

We intend to propose a framework for supporting the communication links between BSs

and UAV by the re�ections of smart buildings. Let (XU
0 , y

U
0 , hu), (XU

f , y
U
f , h

U) represents
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the initial location and �nal destination of the UAV, respectively. Without loss of general-

ity, the UAV is �ying at �xed height and at any instant time n, the UAV location is given as

(XU [n], yU [n], hU). In order for the UAV to accomplish its mission successfully, the control

signals must be received reliably. Therefore, the RIS on smart buildings support the BS

control signal through smart re�ections. The area of interest has M smart buildings and

their locations denotes as SB = {(Xs
1 , y

s
1, 0), (Xs

2 , y
s
2, 0), . . . , (Xs

M , y
s
M , 0)}. The RIS re�ec-

tors in the smart buildings will be activated through activation control signals transmitted

by the BS. As the UAV comes closer to a smart building, it will get a good re�ection gain.

However, selecting a route closer to the smart buildings, might increase its �ight duration

and its consumed energy. Therefore, we need to optimize the UAV route by minimizing

its energy consumption. Also, the activation and the con�guration of SBs for re�ection

involves signal processing overhead and energy consumption at the control BS. Therefore,

the number of activated building for re�ections need to be minimized. Thus, the overall

problem seeks to minimize the total consumed energy by the UAV and the smart buildings

con�guration, by designing the UAV trajectory and optimizing the number and locations

of the activated SBs, while guaranteeing reliable communications to the UAV.
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