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Unmanned Aerial Vehicles and Edge Computing in
Wireless Networks

Bodong Shang

ABSTRACT

Unmanned aerial vehicles (UAVs) attract increasing attention for various wireless network
applications by using UAVS’ reliable line-of-sight (LoS) paths in air-ground connections and
their flexible placement and movement. As such, the wireless network architecture is be-
coming three-dimensional (3D), incorporating terrestrial and aerial network nodes, which is
more dynamic than the traditional terrestrial communications network. Despite the UAVs’
advantages of high LoS path probability and flexible mobility, the challenges of UAV com-
munications need to be considered in the design of integrated air-ground networks, such
as spectrum sharing, air-ground interference management, energy-efficient and cost-effective
UAV-assisted communications. On the other hand, in wireless networks, users request not
only reliable communication services but also execute computation-intensive and latency-
sensitive tasks. As one of the enabling technologies in wireless networks, edge computing
is proposed to offload users’ computation tasks to edge servers to reduce users’ latency and
energy consumption. However, this requires efficient utilization of both communication re-
sources and computation resources. Furthermore, integrating UAVs into edge computing
networks brings many benefits, such as enhancing offloading ability and extending offload-
ing coverage region. This dissertation makes a series of fundamental contributions to UAVs
and edge computing in wireless networks that include: 1) Reliable UAV communications, 2)

Efficient edge computing schemes, and 3) Integration of UAV and edge computing.

In the first contribution, we investigate UAV spectrum access and UAV swarm-enabled aerial



reconfigurable intelligent surface (SARIS) for achieving reliable UAV communications. On
the one hand, we study a 3D spectrum sharing between device-to-device (D2D) and UAVs
communications. Specifically, UAVs perform spatial spectrum sensing to opportunistically
access the licensed channels occupied by the D2D communications of ground users. The
results show that UAVs’ optimal spatial spectrum sensing radius can be obtained given
specific network parameters. On the other hand, we study the beamforming and placement
design for SARIS networks in downlink transmissions. We consider that the direct links
between the ground base station (BS) and mobile users are blocked due to obstacles in the
urban environment. SARIS assists the BS in reflecting the signals to randomly distributed
mobile users. The results show that the proposed SARIS network significantly improves the
weighted sum-rate for ground users, and the placement design plays an essential role in the

overall system performance.

In the second contribution, we develop a joint communication and computation resource
allocation scheme for vehicular edge computing (VEC) systems. The full channel state
information (CSI) in VEC systems is not always available at roadside units (RSUs). The
channel varies fast due to vehicles” mobility, and it is pretty challenging to estimate CSI and
feed back the RSUs for processing the VEC algorithms. To address the above problem, we
introduce a large-scale CSI-based partial computation offloading scheme for VEC systems.
Using deep learning and optimization tools, we minimize the users’ energy consumption
while guaranteeing their offloading latency and outage constraints. The results demonstrate
that the introduced resource allocation scheme can significantly reduce the total energy

consumption of users compared with other computation offloading schemes.

In the third contribution, we present novel frameworks for integrating UAVs to edge comput-
ing networks to achieve improved computing performance. We study mobile edge computing

(MEC) in air-ground integrated wireless networks, including ground computational access



points (GCAPs), UAVs, and user equipment (UE), where UAVs and GCAPs cooperatively
provide computation resources for UEs. The resource allocation algorithm is developed based
on the block coordinate descent method by optimizing the subproblems of users’ association,
power control, bandwidth allocation, computation capacity allocation, and UAV placement.
The results show the advantages of the introduced iterative algorithm regarding the reduced

total energy consumption of UEs.

Finally, we highlight directions for future works to advance the research presented in this dis-
sertation and discuss its broader impact across the wireless networks industry and standard-

making.
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GENERAL AUDIENCE ABSTRACT

The fifth-generation (5G) cellular network aims to achieve a high data rate by having greater
bandwidth, deploying denser networks, and multiplying the antenna links’ capacity. How-
ever, the current wireless cellular networks are fixed on the ground and thus pose many
disadvantages. Moreover, the improved system performance comes at the cost of increased
capital expenditures and operating expenses in wireless networks due to the enormous energy
consumption at base stations (BS) and user equipment (UE). More spectrum and energy-
efficient yet cost-effective technologies need to be developed in next-generation wireless net-

works, i.e., beyond-5G or sixth-generation (6G) networks.

Recently, unmanned aerial vehicle (UAV) has attracted significant attention in wireless com-
munications. Due to UAVs’ agility and mobility, UAVs can be quickly deployed to support re-
liable communications, resorting to its line-of-sight-dominated connections in the air-ground
channels. However, the sufficient available spectrum for extensive UAV communications is
scarce, and the co-channel interference in air-air and air-ground connections need to be con-
sidered in the design of UAV networks. In addition to users’ communication requests, users
also need to execute intensive computation tasks with specific latency requirements. As such,
edge computing has been proposed to integrate wireless communications and computing by
offloading users’ computation tasks to edge servers in proximity, reducing users’ compu-
tation energy consumption and latency. Besides, integrating UAVs into edge computing

networks makes efficient offloading schemes by leveraging the advantages of UAV commu-



nications. This dissertation makes several contributions that enhance UAV communications
and edge computing systems performance, respectively, and present novel frameworks for

UAV-assisted three-dimensional (3D) edge computing systems.

This dissertation addresses the fundamental challenges in UAV communications, including
spectrum sharing, interference management, UAV 3D placement, and beamforming, allowing
broadband, wide-scale, cost-effective, and reliable wireless connectivity. Furthermore, this
dissertation focuses on the energy-efficient vehicular edge computing systems and mobile
edge computing systems, where the UAVs are applied to achieve 3D edge computing sys-
tems. To this end, various mathematical frameworks and efficient joint communication and
computation resource allocation algorithms are proposed to design, analyze, optimize, and
deploy UAV and edge computing systems. The results show that the proposed air-ground
integrated networks can deliver spectrum-and-energy-efficient yet cost-effective wireless ser-
vices, thus providing ubiquitous wireless connectivity and green computation offloading in

the future beyond-5G or 6G wireless networks.
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Chapter 1

Introduction

1.1 Background

The fifth-generation (5G) cellular network aims to achieve high data rate, low latency, mas-
sive connectivity by having greater bandwidth, deploying denser networks, and multiplying
the antenna links’ capacity [1]. The construction of 5G terrestrial network contains hetero-
geneous infrastructures, e.g., cellular network, mobile ad hoc network, and wireless local area
network. In particular, the cellular network has been widely developed in recent decades to
support various services. With the help of the 5G cellular network’s key technologies, such
as ultra-dense network (UDN), massive multiple-input-and-multiple-output (MIMO), and
millimeter-wave (mmWave) communication, the terrestrial network is capable of providing
high data rate (10 Gbits/s) with relatively low latency (1 ms). However, the terrestrial
network has obvious restrictions on limited global coverage. Moreover, the improved system
performance comes at the cost of increased capital expenditures and operating expenses due
to the enormous energy consumption generated by active hardware components. In future
wireless networks, i.e., beyond-5G or the sixth-generation (6G) network, more spectrum and

energy-efficient yet cost-effective technologies need to be developed.

In next-generation wireless networks, it is expected for the network to provide global cov-
erage, utilize all spectrum, support full applications, ensure strong security, etc. Future

networks have to exploit all possible resources by interconnecting space, air, and ground
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network segments to provide seamless wireless coverage and support various and stringent
service requirements. Unmanned aerial vehicle (UAV) and satellite communication networks
are important for fast response in harsh and difficult environments. In addition to the de-
mand for communications, users also increasingly need adequate computation resources to
efficiently process their computation tasks to save on-board energy and reduce latency, espe-
cially in vehicular networks. Due to the limited computing capability of the central process-
ing unit (CPU) at some local devices, their latency requirements for processing computation
tasks may not be guaranteed. Moreover, due to the severe energy consumption of locally
computing, merely processing all tasks at one device reduces its battery lifetime. Mobile edge
computing (MEC) is proposed to be a promising solution for tackling the above peculiarities,
where edge servers offload users’ computation tasks through wireless communications. Re-
cently, a new paradigm of reconfigurable intelligent surface (RIS)-assisted wireless networks
has drawn extensive attention due to its low-cost characteristic and high spectral and energy
efficiency. RIS is a planar surface comprising a large number of low-cost passive reflect-
ing elements. By adjusting the amplitudes and phase shifts of the reflecting elements, RIS
can achieve fine-grained reflection-beamforming. Since RIS does not require radio frequency
(RF) chains to transmit or receive the signals, it enjoys low energy consumption but achieves

significantly improved spectral efficiency.

1.2 Unmanned Aerial Vehicle

In future wireless networks, as UAVs become more available, mobile users will not be re-
stricted to terrestrial mobile stations. There are many applications for UAVs in wireless net-
work such as UAV swarm networks in disasters, UAV-assisted vehicle-to-everything (V2X)

communications [2], UAV enabled smart city, traffic offloading in hotspots, and surveillance
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UAV-assisted V2X

Surveillance and IoT networks UAYV enabled smart city

Figure 1.1: Applications of UAV in wireless networks.

and Internet-of-Things (IoT) networks, as shown in Fig. 1.1.

The wireless network architecture will become a three-dimensional (3D) structure, incorpo-
rating terrestrial and aerial network nodes that are more dynamic than the fixed terrestrial
communications network that we have today. In the development of aerial platforms, the
spectrum access for UAV communications is of significance in the design and management
of the holistic communications network. Different from the non-line-of-sight (NLoS) trans-
missions in most ground communications, aerial communications including air-to-air (A2A),
air-to-ground (A2G) and ground-to-air (G2A) enjoy reliable wireless transmissions resorting
to the lower signal attenuation due to fewer obstacles. In A2A communications, the signal

experiences approximately free-space propagation. In A2G and G2A communications, the
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occurrence probability of line-of-sight (LoS) connection or NLoS connection is a function of
the elevation angle between the UAV and ground node and the environment such as rural,

urban, dense urban or others.

UAV communications typically happen in unlicensed spectrum, including the 2.4 GHz and
5.8 GHz ISM bands [3]. For small and medium range UAV applications, multi-hop 802.11
or Zigbee technologies are considered according to their throughput and range demands [4].
For high throughput applications, additional wireless technologies and spectrum need to be
considered. When operating in unlicensed spectrum, UAVs may suffer from security threats
and attacks which impact the transmission of confidential information. Moreover, with the
drastic increase in the number of wireless devices (such as tablets, smartphones, and sensors)
which also operate in unlicensed spectrum, the unlicensed spectrum is becoming overcrowded

and UAVs will be facing spectrum scarcity in near future.

The use of licensed spectrum, on the other hand, would enable wide-scale and high-quality
connectivity for UAVs with enough capacity to support various services and increasing usage
levels. Sharing the licensed spectrum that is used for cellular communications, for instance,
with UAVs can significantly improve the communication performance of UAVs. However, the
interference generated by the UAVs needs to be well managed to limit its effect on primary
users. Therefore, network designers need to take the negative impact of implementing UAV
communications into account and come up with efficient spectrum sharing strategies for the
coexistence of UAVs and terrestrial communications devices. Enabling spectrum sensing for
UAVs will allow UAVs to opportunistically exploit licensed spectrum holes and improve the

area spectral efficiency (ASE) of the overall wireless ecosystem.
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1.3 Edge Computing

In the IoT and the 5G wireless networks, enormous computation tasks are generated by the
users [5]. These computation tasks are usually computation-intensive, which require a large
amount of computation capacity, and also latency-sensitive with stringent latency require-
ments. However, users’ computation capacity is limited, and thus the latency requirements
would not be guaranteed when users locally execute tasks. In addition, entirely computing
the tasks at users consumes much energy. Due to the limited battery capacity of device,
locally processing the computation tasks will reduce the device’s lifetime. Therefore, it is
imperative to explore innovative, energy-efficient, yet Quality-of-Service (QoS) guaranteed

solutions for computing in future loT and beyond-5G wireless networks.

MEC has emerged as an effective solution to help users deal with computation-intensive
and latency-sensitive tasks [6]. MEC enables users to offload their computational tasks to
edge servers, thus reducing users’ computation burden. As such, MEC helps users to save
their energy and ensure their latency requirements. Unlike traditional cloud computing,
offloading users’ computational tasks to edge servers reduces data transmission delay. By
carefully designing MEC algorithms that jointly optimize communication and computation

resources allocation, one can improve network performance.

However, there are some drawbacks to terrestrial MEC networks. First, the edge servers and
base stations (BSs) are usually deployed at fixed locations or far away from users located
in remote areas, which poses disadvantages for dynamically and randomly distributed users.
Second, the data transmissions in terrestrial MEC networks usually experience significant
signal attenuation due to the large-scale path loss and shadow fading resulting from obsta-
cles like buildings and trees. Thus, the uplink data rate for computation offloading can be

unsatisfactory, allowing fewer data to be offloaded while guaranteeing the latency require-



6 CHAPTER 1. INTRODUCTION

CubeSat

T

In space link /
|

UAV

&59 Aerial mobile
= relay

Satellite-
ground link

Ground
station

Cloud server

Disaster area

Figure 1.2: UAVs in MEC networks where some BSs are disabled.

ment. Third, terrestrial MEC networks can be disabled during disasters or in remote areas.

Moreover, the edge servers usually incur the site-rent cost.

Based on the drawbacks of terrestrial MEC networks, UAV-enabled MEC has been proposed,
where the edge server is mounted on UAV to provide computation offloading for users [7, 8].
Compared with the traditional terrestrial MEC networks, the UAV-enabled MEC network
supports reliable LoS paths to users and can be deployed with flexible mobility [9]. Moreover,
in disasters, the terrestrial networks are destroyed due to damage. The terrestrial MEC
network may be disabled. In this case, we can deploy UAVs to assist terrestrial computing

and/or enable aerial computing for ground users, as shown in Fig. 1.2.

However, there are still some critical issues of UAV-enabled MEC. First, mounting the edge
server on a UAV increases the UAV’s load and propulsion-related energy consumption. Since
the UAV’s battery capacity is scarce but limited, this reduces the UAV’s service time. Second,

offloading users’ computational tasks to the UAV increases the UAV’s computation-related
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energy consumption. In general, computation-related energy consumption is greater than
communication-related energy consumption, emphasizing the importance of considering an
energy-efficient UAV-enabled MEC design when aiming to prolong the UAV’s service time.
Third, deploying an additional edge server on a UAV increases the UAV’s production cost.
Therefore, research on finding new cost-effective yet energy-efficient technologies for MEC

is still of considerable interest.

1.4 Aerial Reconfigurable Intelligent Surface

RIS has been introduced as a new technology to improve wireless networks’ spectrum and
energy efficiency [10, 11]. An RIS is a planar surface comprising a large number of low-cost
passive reflecting elements. By adjusting the amplitudes and phase shifts of the reflect-
ing elements, an RIS can achieve fine-grained reflection-beamforming. Moreover, with the
full-duplex mode in operation and no noise-addition characteristics, an RIS is more spectrum-
efficient than the conventional relay technology. In addition, an RIS does not require RF
chains to transmit or receive signals, and thus it enjoys low energy consumption but achieves
significantly improved spectral efficiency. Therefore, RIS can be deployed in wireless net-

works to achieve significantly improved overall system performance.

Instead of being limited to only terrestrial deployment, wireless networks are gradually evolv-
ing to air-ground integrated networks to achieve ubiquitous wireless connectivity and up-
graded network capacity. Recently, UAVs have attracted significant attention in wireless
communication. Due to the agility and mobility, UAVs can be quickly deployed in hotspots
or disaster regions to support reliable communication, resorting to its LoS-dominated con-
nections in the air-to-ground channels [2]. As an aid to this, an RIS can be mounted on

UAVs to enable aerial RIS (ARIS) to achieve 3D signal reflection. Such an ARIS is not re-
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Figure 1.3: Applications of UAV swarm-enabled aerial RIS in wireless network.

stricted to the 180° half-space reflection, but instead, it provides a 360° panoramic full-angle
reflection [12]. With the UAV’s flight ability in 3D space, an ARIS is more flexible in de-
ployment than the conventional terrestrial RIS (TRIS), which is usually deployed on facades
of a building or at a dedicated site. Attaining an appropriate place for the TRIS installa-
tion would not be easy in practice due to excessive site-rent and urban landscape impact.
Moreover, the ARIS’s cascaded reflection channel is more desirable than the TRIS’s, which
shows the potential to improve system performance further. From the above discussion, it
is practically appealing to investigate the combination between UAVs and RISs. In Fig. 1.3,

we illustrate the applications of UAV swarm-enabled aerial RIS in wireless networks.

One of the challenges in designing ARIS-assisted networks is the trade-off between NLoS
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excessive path loss and the doubled path loss due to signal reflection. In the ARIS-assisted
network, two links are cascaded together, i.e., one is between the user and ARIS, the other
is between the ARIS and BS, shown in Fig. 1.4. In the cascaded channel, the doubled path
loss severely deteriorates the network performance [13]. In terrestrial RIS-assisted wireless
networks, it is better to deploy an RIS near the user or BS to minimize the doubled path loss
in the cascaded channel. However, this deployment strategy may not be directly applied to
an ARIS in air-ground channels. This is because an ARIS’s 3D position determines the large-
scale path loss of the cascaded channel, and it also changes the LoS and NLoS probabilities

in air-ground channels.

Specifically, the probability of the NLoS path decreases with the ARIS’s elevation angle. As
such, deploying the ARIS near the BS reduces the elevation angle between the user and the

ARIS. Thus, this increases the probability of NLoS path between user and ARIS, as shown
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in Fig. 1.4. It is worth noting that the NLoS excessive path loss deteriorates the user’s signal
strength. On the other hand, deploying the ARIS near the user decreases the elevation angle
between the ARIS and BS. This increases the probability of NLoS path between the ARIS
and the BS. Therefore, there is a trade-off between the NLoS excessive path loss and the
doubled path loss. Nevertheless, the above trade-off analysis is under the single-user case.
If there are multiple users in ARIS-assisted networks, the complexity of the analysis will
increase. Despite the trade-off between NLoS excessive path loss and doubled path loss, the
trade-off between LoS probability and NLoS probability also needs to be considered in the
network design, where the sum of these two probabilities equals one. It is worth noting that
in the LoS path, the aperture gain of ARIS can be achieved based on the array response. As

a result, the 3D deployment of ARIS is significant to the entire network performance.

1.5 Contributions

This dissertation’s main contribution is to develop analytical foundations for design, per-
formance analysis, and optimization of UAV and edge computing wireless networks. In
particular, we introduce various and novel network frameworks for efficient spectrum shar-
ing, UAV placement and movement, performance analysis, and resource allocation of UAV
communications and edge computing systems. Based on the proposed frameworks, we im-
prove the network performance in terms of spectral efficiency, system capacity, latency,
and energy consumption. This dissertation weaves together advanced mathematical tools
such as stochastic geometry, optimization theory, machine learning, deep learning, and re-
inforcement learning. As such, this dissertation develops in-depth performance analysis and
efficient algorithms to design, analyze, optimize, deploy, and operate UAV and edge com-

puting wireless networks. In summary, so far, our contributions are shown as follows:
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o First, in Chapter 2, we analyze a 3D spectrum sharing between device-to-device (D2D)
and UAVs communications. We consider that UAVs perform spatial spectrum sensing
to opportunistically access the licensed channels that are occupied by the D2D com-
munications of ground users. The objective of the considered 3D spectrum sharing
networks is to maximize the ASE of UAV networks while guaranteeing the required
minimum ASE of D2D networks. Using the tools from machine learning, we obtain
the probability of spatial false alarm and the probability of spatial missed detection
at the UAV, which helps us to characterize the density of active UAVs. Then, based
on the Neyman-Pearson criterion, we further derive the coverage probability of D2D
and UAV communications by leveraging the tools from stochastic geometry. In addi-
tion, the ASE of the D2D and UAV networks are also obtained. Simulation results
show that the optimal spatial spectrum sensing radius of UAVs can be obtained given

specific network parameters.

e Second, in Chapter 3, we study MEC in air-ground integrated wireless networks includ-
ing ground computational access points (GCAPs), UAVs, and user equipment (UEs),
where UAVs and GCAPs cooperatively provide computing resources for UEs. Our goal
is to minimize the total energy consumption of UEs by jointly optimizing users’ associ-
ation, uplink power control, channel allocation, computation capacity allocation, and
UAV placement, subject to the constraints on deterministic binary offloading, UEs’
latency requirements, computation capacity, UAV power consumption, and available
bandwidth. Due to the non-convexity of the primary problem and the coupling of vari-
ables, we introduce a coordinate descent algorithm that decomposes the UEs’ energy
consumption minimization problem into several subproblems which can be efficiently
solved. Simulation results demonstrate the advantages of the proposed algorithm in

terms of the reduced total energy consumption of UEs.
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o Third, in Chapter 4, we propose an energy-efficient computation offloading scheme for

vehicular edge computing (VEC) systems, where multiple roadside units assist vehic-
ular users to offload computation tasks to edge servers. Our goal is to minimize the
users’ energy consumption by optimizing users’ association, data partition, transmit
power, and computation resources, subject to the constraints of partial tasks offload-
ing, users’ latency, maximum transmit power, outage performance, and computation
capacity of edge servers. We utilize deep learning for obtaining users’ association and
develop an efficient optimization algorithm to optimize other variables. Moreover, the
complexity and convergence of the algorithm are analyzed. Simulation results demon-
strate that the introduced resource allocation algorithm can significantly reduce the

total energy consumption of users.

Finally, in Chapter 5, we study a UAV swarm-enabled aerial RIS (SARIS)-assisted
downlink communication system, where RISs can be mounted on UAVs to enable 3D
signal reflections, reliable air-ground connections, and higher configuration flexibility.
The objective of the considered SARIS system is to maximize the weighted sum-rate of
ground users by designing the transmit beamforming at the base station (BS), the phase
shifts of SARIS reflecting elements, and SARIS 3D placement. For joint BS and SARIS
beamforming design, we introduce two beamforming schemes with low computational
complexity. For SARIS placement design, the optimal SARIS 3D position is obtained
by leveraging the tools from stochastic geometry and considering the distributions of
ground users. Simulation results confirm the validity of the analytical derivations. In
particular, the SARIS placement plays a vital role in the system performance when

the distances between users and the BS increase.
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Chapter 2

3D Spectrum Sharing for Hybrid D2D
and UAV Networks

2.1 Introduction

Unmanned aerial vehicles (UAVs) have attracted great attention as they enable various ap-
plications and services [14]. Cellular operators consider UAVs as users or network support
nodes in cellular networks and vehicle-to-everything communications [2]. In addition to oper-
ator deployed UAVs, UAVs may belong to third-party organizations or individuals who want
to enjoy broadband data transmissions for video streaming, content delivery, surveillance re-
port, etc. In the meantime, wireless communication systems for UAV data transmission need
to be carefully designed. Due to the congested unlicensed spectrum, it is desirable for UAVs
to transmit in licensed or shared spectrum [15]. Licensing spectrum for massive/broadband
UAV communications is not feasible; rather, we consider spectrum sharing between UAVs

and ground licensed users to be a viable option.

In the licensed band, device-to-device (D2D) communications enable mobile users that are
close to each other to communicate directly [16, 17]. The D2D operation in the licensed band
includes the underlay mode (using the same spectrum as cellular communications links) and
the overlay mode (using orthogonal spectrum to cellular communications) [18, 19]. D2D

communications in the unlicensed band, on the other hand, need to coexist with WiFi net-

16
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works and typically suffer severe interference [20]. Since D2D transceivers are in proximity
of one another, the received interference power at D2D receivers (D2D-Rxs) from UAVs is
lower, compared to that of the long range regime which occurs when the receiver lies outside
the protection zone of D2D transmitters (D2D-Txs). Therefore, we consider the three dimen-
sional (3D) spatial spectrum sharing between UAV and D2D communications where UAVs
play the role of secondary users and D2D as primary users. To fully utilize the licensed
spectrum in such hybrid D2D and UAV networks, we aim to maximize the area spectral
efficiency (ASE) of UAV networks while guaranteeing the minimum required ASE for D2D
users. From operators’ perspective, sharing the licensed spectrum with UAVs can help them
increase profit margins by charging fees from UAV users. From the UAVS’ perspective, com-
munications can achieve the desired performance in the licensed band, as opposed to the
congested and insecure unlicensed band. Considering that mobile users need to pay monthly
fees to the operator, D2D transmitters (D2D-Txs) are considered the primary and UAVs as
the secondary users in the hybrid D2D-UAV spectrum sharing network. Since it is intractable
to numerically calculate the conditional interference distributions (conditioned on the pres-
ence of D2D-Rx in the intersection of UAV sensing sphere and ground) at a UAV under the
ground-to-air (G2A) channel models, we leverage machine learning tools, i.e., Gaussian ker-
nel nonlinear regression, to approximately obtain the conditional interference distributions,
which are used in the derivation of spatial false alarm and missed detection probabilities in
UAV spatial spectrum sensing. Leveraging tools from stochastic geometry, we analytically
derive the coverage probability of D2D communications and UAV communications. Based
on our proposed model, we can maximize the area spectral efficiency (ASE) of UAV networks
by optimizing the UAV spatial spectrum sensing radius under the constraint of a minimum

ASE of D2D networks.
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2.1.1 Related Works

Spectrum sharing in terrestrial networks has been investigated in [21, 22, 23, 24, 25, 26, 27].
In [21], the authors studied spectrum sharing for D2D communications in cellular networks.
A paradigm for spectrum sharing between cellular communications and radio astronomy sys-
tems was introduced in [22]. In [23], the approach of guard zones (protection regions) around
cellular BSs was introduced. The spatial spectrum sensing-based D2D communications have
been studied in [24, 26] and have been extended to the D2D spectrum access in user-centric

deployed heterogeneous networks [27].

On the other hand, 3D spectrum sharing for UAV networks has largely been unexplored. In
[28], the authors derived the optimal density of spectrum sharing drone networks to maximize
the throughput of the small cell UAV network. However, the considered channel model is
rather simplistic to facilitate closed-form derivations. In [29], a spectrum sharing planning
problem for a full-duplex UAV and underlaid D2D communications was studied, where a
mobile UAV assists the communications between separated nodes without a direct link. In
[30], the performance of a static UAV and a mobile UAV coexisting with D2D users in a finite
area was studied, where the UAVs and D2D communications have the same spectrum access
priority. [31, 32] also studied the coexistence of D2D and UAV communications. However,
these works considered only one UAV in the sky in the absence of mutual interference between
multiple UAVs with various flight heights. To the best of our knowledge, this is the first
work that studies overlay spectrum sharing between UAVs and D2D communications from

a system-level perspective.

2.1.2 Contributions

The main contributions of this chapter are summarized as follows:
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o 3D UAV Spatial Spectrum Sensing Model: A 3D UAV spatial spectrum sensing model
for coexisting D2D and UAV networks is designed. The spatial spectrum sensing is
conditioned on the sensing of D2D-Txs lying in the UAV’s spatial spectrum sensing
sphere. The conditional distributions of the received signal strength at the UAV have
been approximated by log-normal distributions. Given network paramters, a machine
learning-assisted approach is introduced to obtain the approximated distribution pa-
rameters (mean and standard deviation) to interpret the G2A channels. The spatial
false alarm probability and the spatial missed detection probability of a typical UAV

can be obtained using the approximated conditional distributions.

o Coverage Probability and ASE Analysis: We model and analyze the 3D hybrid spectrum
sharing network from a system-level perspective. Our model is flexible enough to
capture any density distributions of UAVs in 3D space, rather than fixing the heights
of UAVs. The coverage probability of D2D and UAV communications are derived by
considering co-tier and cross-tier interference. Based on these analyses, we obtain the

ASE of the D2D and UAV communications, respectively.

o Network Design Insights: The analysis and simulation results provide important net-
work design insights: The optimal spatial spectrum sensing radius of UAVs is obtained
to maximize the ASE of UAV networks under the constraint of a minimum ASE of
D2D networks. It is observed that a decrease in the spatial spectrum sensing radius of
UAVs has a contrasting effect on the coverage probability of UAV communications and
the ASE of UAV networks. The optimal transmit power of UAVs can be also obtained
which maximizes the ASE of UAV networks under the constraint of a minimum ASE

of D2D networks.

The chapter is organized as follows. Chapter 2.2 presents the system model. Chapter
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2.3 gives the probabilities of spatial detection of a typical UAV. Chapter 2.4 shows the
coverage probabilities of D2D and UAV communications, and presents the ASE of UAV and
D2D networks, respectively. Simulation and numerical results are discussed in Chapter 2.5.

Chapter 2.6 concludes the chapter.

2.2 System Model

2.2.1 Network Layout
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Figure 2.1: Spectrum sharing for D2D and UAV coexisting networks.

The network architecture is shown in Fig. 2.1. The locations of D2D transmitters (D2D-
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Txs) are modeled as a homogeneous Poisson point process (PPP) on the two dimensional
(2D) ground with the density of Ap and the set of D2D-Txs are denoted as ®p. The
signal-to-interference-plus-noise ratio (SINR) threshold of a D2D receiver (D2D-Rx) is .
The transmit power of a D2D-Tx is Pp. Without loss of generality, we assume that UAVs
are distributed in 3D space within the height range of [Hyin, Hmax], Where the densities
of UAVs on different horizontal planes follow a certain distribution fg (k). Due to their
flexible mobility, UAVs can fly at different heights and change their heights dynamically.
Our model realistically captures the various heights of UAVs, unlike the state-of-the-art that
assumes UAVs at a fixed height. We denote the 3D allowable flight space for UAVs as
Va = {(2,y,2)| Huin < 2 < Hyax}. The density of UAVs in V4 is Ay which is the density
of the ground projection points of UAVs. The set of all UAVs is represented by ®y. In
this chapter, we consider the case where UAVs intend to transmit data to ground users in
a same channel that is used by the overlaid D2D communications network. The transmit
power of a UAV is denoted by P, and the SINR threshold of the associated ground receiver
is 4. The transmit power of UAV can be adapted according to the channel conditions and
the user’s quality of service requirement to further enhance the communication performance.
Our model is applicable for many power control mechanisms such as the semi-static power
control mechanism [33]. For ease of analysis, in this chapter we assume fixed transmit power

at UAVs.
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2.2.2 Radio Propagation Model

The SINR of a typical D2D-Rx u¢ associated with the corresponding D2D-Tx dj, is given by

Pohi,ug|ld — wif|

dy _
SINR (Uk) - [;/d +IuDd + 0,2
k k
where
o Z Pros (vj,uf) Pv gy, Z Pnros (v, ) 1Py gy,u (2.1)
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where h,, denotes the channel power gain between ground nodes x and y which follows the
Rayleigh distribution, ||a — b|| the distance between a and b, and o the path loss exponent
from a ground node to another ground node. I;% is the aggregate interference power at ug
from active UAVs, I 5}% is the aggregate interference power at uf from D2D-Txs, 0,2 is the
noise power, and P denotes the set of active UAVs which successfully access the channel
through spatial spectrum sensing. For a ground D2D-Rx, the received interfering signals
from active UAVs include LOS signals, Non-LOS (NLOS) signals, and multiple reflected
components which cause multipath fading [34, 35]. Pros (UJ, ug) and Pyros (vj, uﬁ) denote
the occurrence probabilities of the LOS and NLOS links between the j* UAV v; and the
typical D2D-Rx ug, where the summation of these two occurrence probabilities equals to
one. Parameter a4 is the path loss exponent of the A2G link. The path loss is higher in a
NLOS than in a LOS connection because of shadowing and indirect signal paths. Parameter
1 < 1 is the excessive attenuation factor for NLOS. The Nakagami distribution can be used
to describe the small scale fading in A2G and G2A channels [36, 37]. We use g,, to denote
the channel power gain between x and y in A2G and G2A connections which follows a

normalized gamma distribution with parameter M.
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Specifically, according to [35], we have

1
T 1+ Cexp[-B{H—-C)]

Pros (v, u)

where (2.2)
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where C' and B are constant values depending on the communications environment, e.g.

rural, urban, or dense urban, h,, is the height of the UAV v;, and Tojud denotes the horizontal

distance between UAV v; and D2D-Rx uf. In addition, we have
Pnros (Uj, UZ) =1-— Pros (vj,uZ) . (2.3)

The SINR of a typical UAV receiver (UAV-Rx) u} associated with UAV v; is given by
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where Prog (vi,u?) and Pnros (vi,u}) are the occurrence probabilities of LOS and NLOS
connections between the typical UAV v; and its associated receiver u?. The term I, in (2.4)
represents the aggregate interference power at the typical ground UAV-Rx u} caused by the

active UAVs . IL) is the aggregate interference power at u? caused by the D2D-Txs.
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2.2.3 Spatial Spectrum Sensing

We define the spatial spectrum sensing sphere of a typical UAV v; at the height of h,, as

vl - { xvuyvazv c V3| HUZ - UH }

and [[v; — 0]l = \/ (20, = 20) + (W, — 9o)? + U, — 20)%,

(2.5)

where x,, 3, and z, represent the coordinates of the point v, V3 denotes the 3D space,
|lv; — v|| is the spatial distance between UAV v; and v (z,,¥y, 2»), and R is the spatial
spectrum sensing radius of UAV. The intersection between S,, and the ground is denoted by

A, = S,, NR?, where R? is the horizontal ground plane. More specifically, we have

»Avi = {m ('Tmnym) = R2| ||U1 - m” < V R52 - h”i2}

(2.6)
2 2
and Hvl - mH = \/('T'Uz - xm) + (yvi - ym) )

where m (2, Ym) denotes a point located in A,,, and (z,,, y,,) are its coordinates. Expression
|v; — ml| is the horizontal distance between UAV v; and ground point m. Fig. 2.2 illustrates

the geometrical setup and parameters.

Let H" be the event that there is no D2D-Tx in A,,, and H' be the event that there is at
least one D2D-Tx in A,,. We assume that in each time slot of duration 7, all UAVs first
perform spatial spectrum sensing of duration 7, and the UAVs which access the channel
transmit data in the remaining time duration 7" — 7. At UAV v;, the received signals y [n]
during spatial spectrum sensing for the events H® and H! are given in (2.7) and (2.8), where
n is the sample index, sg, [n] is the n'® sample from D2D-Tx dy, and the noise ng [n] is i.i.d.

circularly symmetric complex Gaussian with zero mean and variance o,%:

Ppga,v,
Hoyl= ) PLos(dk%)\/W Say 1]
dp€Pp,di¢Av, k
Ppnga,o,
+ Z Pyros (d, vi) W Sa, [n] +no [n],
dp€®p,dr ¢ Ay, K

(2.7)
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Figure 2.2: Ground intersection of spectrum sensing region of a typical UAV.

[ P v,
Hl Y [n] = Z PLOS (dk, ’Ui) #Sdk [n]
di€P p,®pNAy,#0 ko

(2.8)
P v
+ Z PNLOS (dk, Ui) %Sdk [n] + o [TL] .
deQD,q)DﬁAvi#m k v
The test statistics of the received signals at a typical UAV are given by
1 Ns—1 9
w _ — 2.

D=2, bl @ ={01}, (2.9)

where N, denotes the number of samples. When N is large, the distribution approaches a
conditional Gaussian distribution because of the central limit theorem, i.e.,

]’w n2 2
T I7 ~ N (IW + 002, %) : (2.10)

The mean and the variance of the conditional Gaussian distribution depend on the hypothesis
26, 38]. Note that I° and I' are random variables that depend on the network topology,

D2D-Tx density and transmit powers, channel conditions, height of the sensing-based UAV



26 CHAPTER 2. 3D SPECTRUM SHARING FOR HYBRID D2D AnD UAV NETWORKS

and its spatial spectrum sensing radius. I° and I' are expressed as

Ppga, v, P, vi
I’ = Z Pros (di, v;) DI Z Pyros (d, vi) D1

—_ n.]|¥GA — oca
dr€®p diE Ay, ”dk Uz” dr€Pp,drE Ay, ||dk UZH

(2.11)
Ppga,u, Ppnga,v,
[1 = Z Pros (dk,vi)m‘l' Z Pnros (dlmvi) m'
de@D,@DﬂAvi;ﬁ@ k ! dke(bD:q)Dm-Avi#@ F !
(2.12)

The spatial false alarm probability and the spatial missed detection probability of a UAV
are given by

Pro =Ep {P(T >¢|H)}, (2.13)
Pra=Epn {P(T <e|HY)}, (2.14)

where ¢ is the energy detection threshold. The essential difference of spectrum sharing be-
tween 3D and 2D networks is the unknown conditional distribution of the aggregated received

power at the UAV which determines the false alarm and missed detection probabilities.

If the test statistics received power I' at a UAV is greater than ¢, the UAV will transmit with
probability (1, otherwise, it will transmit with probability Sy, where 8y > ;. Therefore, for

event H°, a UAV will access the licensed channel with probability

P’ = P31 + (1 — Py,) Bo. (2.15)

For event H!, a UAV will access the licensed channel with probability
Pl = (1 - Pmd) 61 + Pmdﬂg. (216)

Note that Py, and P4 are key performance metrics for the UAVs spatial spectrum sens-
ing, affecting the density of active UAVs and the co-channel interference to UAV and D2D
communications. This will provide useful insights to design efficient spectrum sharing strate-

gies that balance the aggressive spectrum reuse and the resulting co-channel interference.
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Compared with the modeling and analysis in conventional heterogeneous networks [39], the
technical challenges of analyzing spectral sharing opportunities between UAV and D2D net-
works include modeling the height dependent spectrum access, determining the distributions
of the aggregated received power during spectrum sensing, and characterizing network in-

terference in 3D.

2.3 False Alarm Probability and Missed Detection Prob-
ability Analysis

In this section, we provide the intermediate technical results for the system-level performance

analysis, where we characterize the probability of spatial false alarm and the probability of

spatial missed detection of a typical UAV. These probabilities will be used to determine the

density of active UAVs and the interference from active UAVs.

2.3.1 Probability of Spatial False Alarm

For a typical UAV v; at the height of h,,, since IY in (2.11) is a random variable relying on

the network parameters, the probability of spatial false alarm Py, in (2.13) is given by
Py = / P(T > e|H%I° = z) fro (z)dz, (2.17)
0

where fro (x) is the probability density function (PDF) of I°.
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Then we derive the Laplace transform of I° when R, > h,, to determine its distribution as

[’IO|R5>hui (5)

=E {exp (—=s I°| Ry > h,) }

Pros (dk, vi) PpGa,u, Pnros (dg,vi) Pongd,v,
=Ee ” E{exp(—s L — g Y —
"1, ! i — vs]| "4 [ — vs]| "4

k€D D, diEAv,

@ exp {—sz/ B [1 (1 +€(x, Pp) + O (a, PD))*M] :z:d:z:}

where
sPD(I2 + hvi2)*aGTA/M
Pr) =
@ ) = I onp - B (B arctan (hy /2] — O]
sPDn(IB2 Th 42)—%
O (z, Pp) = Z ~ e (e Fo),

M
(2.18)

where (a) is obtained from the expectation of the normalized gamma distribution. In addi-

tion, when R < h,,, we have
£10|Rs<hvi (S) = exp {—271’)\1)/ |:1 - (1 + f (.CC, PD) +06 (l‘, PD))_M:| .CCd.CC} . (219)
0

Using the Probability Density Function (PDF) of I°, i.e., fo. (t), the Laplace transform of

1Y is expressed as
L o). (s)=E {6_510} = / B_Stf]0|. (t)dt, (2.20)
0

where I°] - denotes the event I° under R, > h,, or Ry < h,,. The PDF can then be derived
by taking the inverse Laplace transform:

1 y+iT
—1 : st

f[0|, (t) =L {£]0|. (5)} = _27ri 711_{[;0 o e ,C]0|. (S)dS. (2.21)

Note that there are several other methods for deriving the distributions of Iy and I; such as

the inverse transform of characteristic function. However, these analytical methods involve
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multiple integrals and integrals in a complex domain which impede the tractable algorithms

design.

The probability of spatial false alarm can be calculated by combining (2.21) into (2.17), as

follows:

dr,Rs > h,
Pfa _ fo fIO\Rs>h ( ) 7 (222>

fO IO|R9<hv ( )d‘r’RS < hl}i

where () = Q (%\/ﬁ) and @ (+) is the Q-function.

2.3.2 Probability of Spatial Missed Detection

Similar to the derivation of Pj,, the Laplace transform of / ! when R > h,, is obtained as
L 1R y>hy, ()

:E{exp (—s Il}Rs > hvi)}

P d i P, vy P d’ i P .

:Eq)D H Eg exp | —s LOS( kyU) DYd, l'f‘ NaLOf( k U) DN Yd,v;
i — vi]|*¢

dr€®pNSy,, & pNA,, #0

P di,v;) Ppga, v, + P dg,v;) P, vi
Foy, H E, {exp (—s 05 (i, Vi) Ppgae, + ngf( k, Vi) Ppnga, )}
d c ldi — il
kG‘I’Dﬂ.A .
B 6*27T>\D fo [ (1+&(2,Pp)+0O(x,Pp))~ M]xdw B LIO‘Rs>hvi (S) exp (—/\D7T (RSZ - hvf))
1 —exp [—)\Dﬂ' (7'\’,52 — hvf)] 1 —exp [—/\Dﬂ' (R52 — hvig)} ’
(2.23)
where & (z) and © (x) are given in (2.18).
Therefore, the probability of spatial missed detection can be expressed as
1 x)dx, Rs > hy,
07 RS < h’l)i

Remark 2.1. In terrestrial communications with 2D Poisson distributed interfering nodes,

the closed form PDF of I° can be approximated by the inverse Gaussian distribution [40]
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and the log-normal distribution [41] by taking the first, second and/or third order cumu-
lants. However, these approximations do not match well with the exact values of I° and I'
in 3D networks. Therefore, it is crucial to obtain the simple and tractable approximated
distributions of the aggregate interference for 3D UAV spectrum sensing to provide useful

system design guidelines.

2.3.3 Machine Learning-Assisted Approach

It is difficult to compute Py, and P,,; numerically in (2.22) and (2.24) due to multiple
integrals in the calculation of the inverse Laplace transform. The nonlinear regression tech-
nique can be used to obtain the approximated PDFs of I° and I' to facilitate system-level
performance analysis [42]. Based on the distance-dependent path-loss, the PDFs of the ag-
gregated received signal strength I° and I' have more values within a specific region and
have a long tail. By comparing some well-known continuous distributions, we select the Log-
normal distribution with appropriate mean and standard deviation values to approximate

the distributions of I° and I'.

Proposition 2.2. The PDFs of the received signal strength I° and I' for the events H°
and H' can be well approximated by the log-normal distribution with appropriate mean and

standard deviation values. More specifically, we have

fre ()~ — (o~ jir=)’ (2.25)
w(¥) X —————exp | ——n77|, )
! TO =N 2T P 207=>

where jir= and o= are the mean and the standard deviation variables.

Note that other families of distributions such as the inverse gamma or scaled inverse chi-
squared can be used to approximate the distributions and show similar performance. We
do not focus on the optimal approximation and distribution selection, but we are more

interested in the system-level performance evaluation.
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In terrestrial communications with 2D Poisson distributed interfering nodes, the values of 1,0
and o0 can be obtained by calculating the first and second cumulants of I° [40]. However,
the results obtained by the first and second cumulants of I° are no longer accurate under 3D
UAV channels due to the LOS and NLOS nature of G2A connections. The Gaussian kernel
nonlinear regression is used to explore the relationship between input (network parameters)
and output (mean and the standard deviation of log-normal distribution). In Fig. 2.3, the
input network parameters are the density Ap of D2D-Txs, UAV’s flight height h,,, UAV’s
spatial spectrum sensing radius R, and the channel power gain M of G2A transmission. The
output is the mean or the standard deviation of the approximated log-normal distribution

of I¥,w = {0,1}.

%

Input network parameters: Output:
1. Density of D2D-Txs Parameters of
2. Flight height of the UAV 6 approximate PDFs of
3. UAV spectium sensing radius the received signal
4. Small-scale fading parameter ﬁ strength ata UAV

Training process

Figure 2.3: Input and output of the machine learning-based approach.

Remark 2.3. In the training process, the transmit power of D2D-Txs is not set as an input.
We use the scaling property of the log-normal distribution to update the mean value of
the approximated log-normal distribution, i.e, if ¥ ~ Lognormal (y;=,0;=), then we have

al® ~ Lognormal (= + Ina, or=).

We use Monte Carlo simulations with diverse input values to generate the data set for

training. For this data set generation, the mean and the standard deviation values of the
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log-normal distribution can be obtained as follows

E{I=}?
VE{U=)}
I (M)] .

E{I=}

We denote the input variables as x( = [xgi),xéi),a:g), :vy)] (corresponding to the network

fr= = 1n (2.26)

O[w =

parameters Ap, hy,, Rs, M). The output variable is denoted by y* (corresponding to the
fr= or or=,ww = {0,1}), where (i) indicates the data set index. To balance the weights of

the different inputs, we normalize the input variables between 0 and 1 as follows

O _ i
: T — I (X,
=0 _ Y (x;) =14 (2.28)

J max (x;) — min (x;)

where x; = xg-l), e ,xg-L) and L is the number of input-output pairs in the generated data

set. We then obtain the normalized input variables () = [igi), %gi), %gi), fii)].

To estimate the output value given the input network parameters, we use the Gaussian

Kernel function to calculate the weighted average output values as follows

R SN B C e )
f(w)—\/m p[ 25,2 ] (2.29)

where pg and og are the mean and the standard deviation of the Gaussian kernel function.

The query point is denoted by q = [g1, ¢2, g3, ¢4, which collects the local information of the
data set. The distance between the query point q and the normalized data point X, i.e.,

D (q,x), is given by

D (q.%9) = \/(q = %) (q - %9)". (2.30)

Note that the term —2— in (2.29) will not impact the weighted average value at the query

2nog
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point q. Therefore, the kernel function in the training process can be expressed as

40 2
K (q, i(i)) = exp (—%) , (2.31)

where D (q, i(i)) is given in (2.30). Then, the estimate output value at the query point q is

(K (a,x7) y)
y(a)=—F : (2.32)
> K (q,x0)

i=1

L
=1

~

where K (q,x) represents the weight value of the input-output pair (x®,y®). After
evaluating (2.32) over a range of query points, given an input combination of the network
parameters, we can search the nearest query point to the inputs and obtain the corresponding
output value. After that, we use the approximated PDFs of I° and I' in (2.22) and (2.24)
to obtain the approximated spatial false alarm probability and spatial missed detection

probability.

In detection theory, the Neyman-Pearson criterion says that one can minimize the spatial
missed detection probability P4 while not allowing the spatial false alarm probability Py,
to exceed a predefined value Py,", i.e., Pr, < Pj,", or minimize Py, subject to a constraint
on P,4. In this chapter, we assume a constant Py, = Py,*. Therefore, the spatial spectrum
sensing radius and the energy detection threshold of a UAV are coupled through the UAV’s
spatial spectrum sensing. In practical engineering design, based on the policy Pj, = Py,”, we
can adjust the energy detection threshold to change the spatial spectrum sensing radius. It
is worth noting that the proposed machine learning-assisted approach is applicable to other
user distributions such as Poisson cluster process and Poisson hole process. However, the
exact closed-form analytical expression of energy detection threshold cannot be derived for

these, which provides few information in performance optimization.
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2.4 System-Level Performance Analysis

In this section, we derive the coverage probability of a typical D2D communication network
and the coverage probability of a typical UAV communication network conditioned on the
UAV’s flight height h,, and the distance r} between UAV-Rx u} and the projection of its
associated UAV v; on the ground. These results will be used to determine the ASE of the

D2D and UAV networks.

Note that a UAV can access the licensed channel with probability P° = Py,01 + (1 — Py.) o
for event H" and with probability P = (1 — P,,4) f1 + Pnafo for event H', where Py,
and P4 are given in (2.22) and (2.24), respectively, and the PDFs of I and I! are given in
Proposition 2.2 with its parameters trained using a Gaussian nonlinear kernel-based machine

learning method.

Lemma 2.4. In the spatial spectrum sensing process, the channel access probability P° under

event H° is greater than the channel access probability P! under event H'.
Proof. Please refer to Appendix A.1 for the proof. ]

It’s worth noting that UAVs at different heights experience different aggregated received
powers from D2D transmissions because of the varying elevation angles and intersection
region between the spatial spectrum sensing sphere and ground. The specific aggregated
received power at each UAV leads to different secondary channel access probabilities. In
other words, UAVs at different flight heights will generate different levels of interference to
the primary D2D network on the ground. For analytical tractability, we uniformly divide

the height V4 into N sub-regions with a common thickness of AH, i.e.,

Hmax - Hmin =N -AH. (23?))
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H,, approximates the height of UAVs in the n'* sub-region V (x,y, H,). In V (z,y, H,), we
assume that UAVs are uniformly distributed on the horizontal plane at height H,,. The set
of UAVs in V (x,y, H,,) is denoted as @y g, . Considering the randomness of UAV locations,

we assume that ®y g, follows a homogeneous PPP with density
H, + AH
AV.H, = )\V/ fu (h)dh. (2.34)

If R; > H,, the active probability of UAVs in ®y p, is statistically equivalent to the case
where all UAVs in @y y, transmit with probability P! and additionally the UAVs in @y p, ,
which have no D2D-Txs within their spatial spectrum sensing spheres, transmit with prob-

ability P° — P!, Thus, the average channel access probability of UAVs at height H,, is
P = P (P = Pty e mo(Re i), (2.35)

For analytical tractability, we approximate the locations of active UAVs in V (x,y, H,) as
randomly distributed with the density of P50 Av. g, - ®f; ;. denotes the set of active UAVs

inV(z,y, Hy,).

If Ry < H,, all UAVs in V (x,y, H,) will transmit with probability P°. Thus, the locations

of active UAVs are modeled by a PPP &7 ,; with density P°Ay .

We are now in the position of computing the coverage probability of a typical D2D commu-
nication network and a typical UAV communication network.

2.4.1 Coverage Probability of D2D Communications

We obtain the coverage probability of a typical D2D-Rx in the following theorem.

Theorem 2.5. The coverage probability of a typical D2D-Rx ul conditioned on the D2D
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serving distance [ is given in equation (2.56).

Po| Ui
2
212\ pythaca (19)2 Np 00
=exp | — mAph e (1) — 27TZP5§§7‘?)\V,H“/ Q) (z, Hy,)dx
C(GG Sln (Oézﬁ) n=1 V R52_H7L2
N 0 oo ,)/gzo_nQ
- exp —2m Z P )\MHn /0 x€) (iL‘, Hn)dl' — W
n=Np+1 D\
where
Pyt = P!+ (P* — Pty o (Ri=?) (2.36)

YAG

nuYH Py (2% + H,?) 2
M Pp(1¢)~"¢

Q(z,H,)=1— |1+ A(x,H,)

ey Pyn(a? + H 2)*“#0 -
+(1— Az, H,)) —2 —
M ()
Az, Hy) = !
M 14+ Cexp [-B (Earctan (H, /z) — C)]
e = M(M)
Proof. Please refer to Appendix A.2 for the proof. [

2.4.2 Coverage Probability of UAV Communications

A typical ground UAV-Rx receives interference from D2D and UAV communications. Note
that the desired serving link distance of a typical UAV v; is dependent on UAV’s flight height
and distance r} which is the distance between UAV-Rx and the projection of UAV on the

ground.

Theorem 2.6. The coverage probability of the attached UAV-Rz u} conditioned on the
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distance v} and the UAV’s flight height h,, is given in (2.37).

P |7y, by,

«
meyyih Pp ) GG

2712\
L I P ot
=~ (=) exp | —

m=1 m Qg sin <a2;rc)
exp( QWZPgi(})\VHn/ xE(m,x,Hn,rf,hvi)d:c)
0
-exp | —2m Z PO)\VHn/ = (m,x,Hn,rf,hvi)dx>
n= Nh-i-l
manYV Un2
FeEP 2 2y —4¢
PvL (vi, uf) ()" + (ha,)”) (2.37)
where
1
L (T;}7 hvz) =

1+ Cexp [—B (E arctan (?ﬁ,) — C)]

1
1+ Cexp [—B <E arctan (%) — C)]

+nll-

_%AG
2

E(mvqun7r:’}7hvi):1_ 1+A(‘T7Hn) _2AG
ML (v, up) ()" + (ho)?)

th ( 24 2)_%% M
mny Yy (T + Hy
F(1- A, Hy) LR T ]
ML (v, uf) ((rf)” + (h,)")  *
Proof. Please refer to Appendix A.3 for the proof. ]

2.4.3 Area Spectral Efficiency

The ASE of UAV and D2D networks can be obtained from the previous results. We denote

the PDF of the distance between UAV-Rx and the ground projection of its associated UAV
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as frv (r). For example, if we consider that 77 is uniformly distributed in a circular region

centered at the projection of UAV v; with radius Ry, then we have fr;; (r) = R%, r > 0.

max

The ASE of UAV networks is given by

ASEy
T_ . Ny, L N L (2.38)
=7 (Z Py v, By | Hy + Y PPAva, PY| Hn) log (1+77)
n=1 n=Np+1

where N, satisfies that Hy, ~ R, ]P’_ff} H, =E, {P§|r, H,}, P{|r, H, is given in Theorem

2, and P;% is obtained in (2.35).
The ASE of D2D networks is given by

ASEp = ApPlog, (1+71), (2.39)
where P$, = E; {IP$)| I} and P$|[ is given in (2.36).

Based on our analytical framework, we can maximize the ASE of UAV networks while

guaranteeing that the ASE of D2D networks is not below a certain value ¥, as follows

max ASEy
R (2.40)
s.t. ASEp > v,

where ASEy and ASEp are given in (2.38) and (2.39), respectively, ¥ denotes the ASE
threshold of D2D networks. It is worth noting that decreasing R, leads to a more aggressive
spectrum reuse for UAV communications; however, it also generates more severe co-channel
interference, which reduces the D2D communications performance. Therefore, there is a
clear trade-off between aggressive spectrum reuse and co-channel interference. Alternatively,
based on our model, one can evaluate the entire network performance using the weighted
Tchebycheff method [43] and obtain the Pareto-optimality criterion for spectrum sharing
between UAV and D2D communications. To solve the problem (2.40), we leverage the one-

dimensional numerical search method using the closed-form expressions of ASEs for both
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the UAV and D2D networks. It is worth noting that the ASE of both the UAV and D2D
networks can be approximated by the machine learning approach. However, it involves many
input network parameters which makes the data set generation difficult. In addition, when
the operation of networks changes, the scalability of the approach that directly approximates

the ASE by machine learning is insufficient.

2.5 Simulation Results and Discussion

In this section, we verify our analysis by simulations and evaluate the performance of the D2D
and UAV spectrum sharing networks. The simulated network uses the following parameter
settings, unless otherwise stated: Ap = 1 x 1075/m?, \y = 1 x 1075/m?, Pp = 20mW,
Py =20mW, M =1, N =10, H,;5, = 10m, H,,4, = 100m, age = 4, aga = aag = 2.1,
P, =0.1,0,% = —110dBm, £, = 0.8, 8; = 0.16 [26], n = 0.1, B = 0.136 and C' = 11.95 [35].

In Fig. 2.4, we show a 3D network for the coexistence of D2D and UAV communications.
D2D-Txs are uniformly distributed on the ground with the density A\p = 1 x 107°/m?. D2D-
Rxs are located at positions with random directions and distances to its associated D2D-Txs
between 20m and 80m. The UAVs are uniformly distributed in the aerial 3D space at a height

of [10m, 100m]. The density of the projections of UAVs on the ground is Ay = 1 x 107°/m?.

Fig. 2.5 compares the PDF of the received signal strength at a UAV for the event H°, where
the UAV is at a height of 60m and has the spatial spectrum sensing radius of Ry = 150m. The
results are obtained from Monte-Carlo simulations, whereas the red dashed line is obtained
by the proposed machine learning-based approximation in Section 2.3.3. We observe that
the proposed approximation method accurately depicts the PDF of the received aggregated
power generated from ground D2D communications for the event H° during spatial spectrum

sensing. The complexity of the Monte-Carlo simulations are more time-consuming than the
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Figure 2.4: Simulation scenario where D2D-Txs are uniformly distributed on the ground and
UAVs are uniformly distributed in the allowable flight space within the height of [10m, 100m].

proposed ML-based approach. This is because the ML-based approach needs to collect the
data set in the early stage before the training process, whereas the trained distributions can
be used permanently. However, for the Monte-Carlo simulations, we need to average multiple
independent trials to obtain a stable performance, and, in each trial, the calculation of the

network interference at each node is time-consuming.

Fig. 2.6 shows the cumulative distribution functions (CDFs) of the received signal strength
at a UAV for the event H°. We observe that the machine learning-based approximation
method well approximates the distribution of the received aggregate power from D2D com-
munications for the event H°. In addition, we observe that when the UAV flight height
increases, the received signal strength improves. This is because an increase in UAV height
results in a decrease of the radius of A,, defined in (2.6) and improves the probability of

LOS connections between D2D-Txs and UAV due to the increased elevation angle. Besides,
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Figure 2.5: PDF of a the received signal strength at the UAV during spatial spectrum sensing
for the false alarm case and the flight height of h, = 60m, Ry = 150m.

a higher value of small-scale fading parameter M improves the received signal strength.

In Fig. 2.7, the CDFs of received signal strength at a UAV for the event H! are shown.
When R, increases, the received signal strength at a UAV under H' decreases, because
of the longer distances between D2D-Txs and the UAV and the higher probability of their
NLOS connections in these scenarios. In addition, when a UAV’s flight height increases, the

received signal strength increases. The reason behind this is similar to that of Fig. 2.6.

In Fig. 2.8, we compare the UAV energy detection threshold ¢ with respect to UAV spatial
spectrum sensing radius R. Using the Neyman-Pearson criterion and assuming Py, = Pj,,
there exists a mapping between R, and . It can be observed that € decreases with R. This
is because the received signal strength I° under H° decreases as R, increases. To achieve
the target Py, the energy detection threshold needs to be accordingly reduced. In addition,

when the UAV’s flight height h, increases, its energy detection threshold increases, because
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Figure 2.6: CDF of a UAV’s received signal strength during spatial spectrum sensing for the
false alarm case, where R, = 150m.

UAVs at higher heights receive more power from D2D communications under the event H°
as shown in Fig. 2.6. In Fig. 2.8, we observe that the proposed machine learning-based
approximation cannot exactly describe the simulated . The reason for this is that the
distribution of IV is not coincidentally the assumed log-normal distribution. However, we

train the log-normal distribution parameters to approach the real I° distribution.

Fig. 2.9 plots the UAV channel access probability which is given in (2.35) over the UAV
spatial spectrum sensing radius Rs. It can be observed that the UAV channel access proba-
bility decreases with R,. This can be explained as follows: under the assumption of By > 1,
increasing R results in a decrease of the UAV energy detection threshold according to Fig.
2.8. Thus, a UAV has a high probability of transmitting with probability £;. Therefore,
adjusting R, can regulate the density of active UAVs and hence, the interference power due

to UAV communications. More specifically, decreasing R, leads to more severe interference
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Figure 2.7: CDF of a UAV’s received signal strength during spatial spectrum sensing in
missed detection for different UAV flight heights and spatial spectrum sensing radiuses.

generated from UAVs. It can be observed from Fig. 2.9 that when the density of D2D-Txs
becomes large, the UAV channel access probability reduces accordingly due to the incre-
mental received signal strength from D2D-Txs at a UAV during spatial spectrum sensing.
We can also find that, when R, is small, increasing the UAV’s flight height improves the
UAV channel access probability. However, when R is large, increasing the UAV’s height
decreases its channel access probability. The rationale behind this is that when R is small,
increasing the height largely increases the UAV’s energy detection threshold. The energy de-
tection thresholds for different UAV flight heights is not obvious when R is large, according
to Fig. 2.8. On the other hand, based on the observation from the simulations, the values of
total signal strength received from D2D-Txs are more concentrated around small values for a
lower flight height than that for higher heights. Therefore, these can illustrate the behaviour

of the crossover point of the UAV channel access probability for different flight height with
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Figure 2.8: UAV energy detection threshold € with respect to the UAV spatial spectrum
sensing radius R.

respect to the UAV’s spatial spectrum sensing radius.

It is observed from Fig. 2.9 that when h, is high and R, is small, there are discrepancies
between analytical results and simulation results. This can be explained as follows. When
h, increases, I° increases, due to the reduced intersection region A, and the increased
line-of-sight (LoS) probability between D2D-Txs and UAV. When I° increases, the UAV
energy detection threshold e increases accordingly to achieve the target spatial false alarm
probability. When ¢ increases, the spatial missed detection probability (P,,,) increases, and
thus the probability P! increases. When h, is high and R, is small, the average channel
access probability of UAV at height h, (P3%,) is dominated by P'. Since P! depends on
e, a deviation in € leads to a discrepancy in Pg%,,. According to Fig. 2.8, we observe that

when h, is large and R, is small, the discrepancy of ¢ between the approximate results

and simulation results becomes large. This is because when h, is high and R is small, the
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Figure 2.9: UAV channel access probability with respect to the UAV spatial spectrum sensing
radius Rs.

values of total received signal strength at a UAV are widely distributed. The approximate
distribution may not accurately depict the distribution, and the statistical characteristics
are not very accurate. Nevertheless, when h, is small, the values of total received signal
strength at a UAV concentrate around small values. Thus, the approximate distribution can
characterize the distribution, and the statistical characteristics are satisfied. Therefore, we
have the discrepancy between analytical results and simulation results when h, is large and
R is small. Moreover, this discrepancy does not have an obvious impact on the system-level

performance, such as coverage probability and area spectrum efficiency.

In Fig. 2.10, the coverage probability of D2D communication is presented with respect to
the UAV’s spatial spectrum sensing radius Rs. As can be seen, increasing R is beneficial
to D2D communications. This is so because a larger value of Ry makes the UAV more

sensitive of the radio environment and reduces its channel access probability, which reduces
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Figure 2.10: Coverage probability of a typical D2D communication vs. the UAV spatial
spectrum sensing radius R, where If = 30m.

the interference from UAVs to D2D communications. Besides, reducing the density of UAVs
improves the coverage probability of D2D communications. Furthermore, from Fig. 2.10 we
can observe that when R, is small, the SINR threshold of D2D communications 7% has a

significant impact on the D2D communications coverage probability.

Fig. 2.11 plots the coverage probability of UAV communication as a function of the UAV’s
spatial spectrum sensing radius Rs. It can be observed that the coverage probability of a
typical UAV communication link increases with R due to the reduced co-channel interference
generated from active UAVs. The coverage probability decreases with increasing density of
UAVs Ay and the increasing flight height hy. The decrease of hy results in the reduction
of the serving link distance and thus enhances the desired signal strength at the UAV-Rx,
despite the decreasing LOS occurrence probability. Compared with Fig. 2.9, when R, is

small, there is a trade-off between UAV channel access probability and coverage probability.
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Figure 2.11: Coverage probability of a typical UAV communications vs. the UAV’s spatial
spectrum sensing radius R, where r, = 30m.

On the other hand, when R, is large, it is advantageous for a UAV that has a lower flight

height in terms of both coverage probability and channel access probability.

In Fig. 2.12, we compare the relate between the ASE of UAV networks ASFEy and the UAV’s
spatial spectrum sensing radius R,. The ASFEy decreases with R, since the reduction of
UAV channel access probability dominates the ASE of UAV networks. According to (2.40),
when the ASE of D2D networks is guaranteed not less than a certain value ¥, according to
Fig. 2.10, we can obtain a minimum R, which maximizes ASFEy . Besides, when increasing
the UAV’s transmit power Py, we observe that the ASEy, increases. This is because of the
improvement of the desired signal strength of UAV communications, while the impact of
interference from D2D-Txs gradually diminished. However, increasing Py, deteriorates the
coverage probability of D2D communications and thus the ASE of D2D networks. Therefore,

there exists an optimal transmit power for UAVs to maximize the ASE of UAV networks
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under the constraint of the minimum ASFEp. Also, when the density of D2D-Txs increases,

ASFEy decreases due to the increased interference from D2D communications.

2.6 Summary

In this chapter, we develop a machine learning-assisted stochastic geometry framework for
spectrum sharing between ground D2D and UAV communications. The D2D-Txs are re-
garded as the primary users while UAVs opportunistically access the licensed channel by
implementing spatial spectrum sensing. We first analyze the spatial false alarm probability
and the spatial missed detection probability of a typical UAV. Then, we derive the coverage
probability of typical D2D-Rx and typical UAV-Rx, respectively. The ASEs of D2D and

UAV networks are also characterized. The results show that a decrease in the spatial spec-
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trum sensing radius of UAVs reduces the coverage probability of UAV communications, but
it improves the ASE of UAV networks although the inter-UAV interference increases. The
proposed tools allow obtaining the optimal spatial spectrum sensing radius of UAVs to max-
imize the ASE of UAV networks while guaranteeing the minimum ASE of D2D networks.
In addition, the optimal transmit power of UAVs can be obtained to maximize the ASE of

UAV networks while guaranteeing the performance of D2D communications.



Chapter 3

Energy Optimization for Air-Ground

Integrated MEC Networks

3.1 Introduction

Mobile edge computing (MEC) allows mobile user equipment (UE) to offload computation
tasks onto network edges such as cellular base stations (BSs), rather than computing locally,
to reduce the computation latency and energy consumption of mobile device [44]. Differ-
ent from traditional cloud computing, offloading computation tasks onto MEC servers in
proximity can reduce the transmission delay [45]. However, the computation capacity of
a MEC server is generally limited. How to efficiently allocate the limited computation re-
sources of the MEC servers to UEs becomes a critical problem. Furthermore, due to the
constrained battery capacity at the UE, new energy-saving methods are expected to be ex-
plored to prolong UE’s lifetime [46]. Since the energy consumption for computing is usually
higher than that for data transmission, offloading UEs’ computation tasks to MEC servers

can potentially reduce UEs’ energy consumption.

In the meantime, unmanned aerial vehicle (UAV), owing to its desired channel conditions to
ground UEs and the agility for convenient deployment [2], has been witnessed as a ground-
breaking technique to provide extensive coverage, reliable line-of-site (LoS) connections and

additional computation capabilities for UEs in future wireless networks [14]. Suppose that

50
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UAVs can be equipped with MEC servers to implement ground UEs’ computation tasks
offloading. Compared with the ground infrastructure-based MEC, the UAV-assisted MEC
support reliable LoS connections to UEs and can be deployed with flexible mobility. There-
fore, UEs can transmit more data to UAVs and offload more computation tasks through the
LoS channels within a certain time period, or UEs can transmit a certain amount of data
with lower transmit power to UAVs, so as to save energy at UEs. In line with the obvious
advantages of UAV-assisted MEC, researches were recently started and concentrated only
on the UAV enabled MEC platform. However, the cooperation between the existing infras-
tructure and UAVs in MEC networks still remains unknown [47]. Such air-ground integrated
MEC networks including ground computational access points (GCAPs) and UAVs need to
be carefully designed to work cooperatively and efficiently. To be specific, the resources
(including computation capacity, spectrum resources and power resources, etc) are well al-
located in the air-ground integrated MEC networks. The location placement of UAVs can

be managed to cooperatively offload computation tasks with GCAPs.

In this chapter, we aim to minimize the total energy consumption at UEs in air-ground
integrated MEC networks which includes multiple GCAPs and multiple UAVs. An efficient
resource allocation algorithm is proposed by jointly optimizing users’ association, uplink
power control, channel allocation, computation capacity allocation, and UAV placement. We
consider the constraints of binary offloading, UEs latency, computation capacity, UAV en-
ergy consumption and available bandwidth. The primary energy consumption minimization
problem is decomposed into several subproblems with block coordinate descent algorithm.
To be specific, we apply Lagrangian dual method to solve the users’ association and channel
allocation subproblems. The uplink power control is obtained in cLoSed-form considering
the constraints of UEs’ latency requirements. The computation capacity allocation subprob-

lem is decoupled into some parallel subproblems. In each parallel subproblem, forming a
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difference of convex (DC) functions programming, it is solved by convex-concave procedure
and Karush-Kuhn-Tucker (KKT) conditions to achieve suboptimal solutions. In addition,
UAYV placement subproblem is proved to be a standard convex problem which can be solved
efficiently. Different from existing works which only consider one UAV in MEC networks,
our work extends to multiple UAVs and multiple GCAPs performing as MEC servers coop-

eratively towards multiple UEs while minimizing UEs’ total energy consumption.

3.1.1 Related Works

Different from the ground MEC networks [48, 49, 50], UAV-assisted MEC possesses more
reliable LoS connections for computation offloading, flexible mobility management and wide
coverage connections [14, 47]. In [51], a mobile cloud computing system based on UAV-
mounted cloudlet was studied to minimize the total mobile energy consumption, where both
orthogonal and nonorthogonal access were considered. In [52], a UAV-assisted MEC network
with stochastic computation tasks was investigated. The designed network only considered
one UAV as MEC server to minimize the average weighted energy consumption of UEs
and the UAV by designing the trajectory flying scheduling of the UAV. In [53], a one by
one access scheme for UAV-aided MEC network was designed to minimize the total energy
consumption of terminal devices, where only one UAV is served as MEC server. In [54], a
UAV-enabled MEC network was studied where a UAV equipped with computing resources
can server a number of ground users. The system in [54] aimed to minimize the sum of the
maximal delay among all UEs in each time slot with joint offloading and trajectory design.
However, the existing works related to the flying MEC only considered one UAV as the
MEC server to provide computation and communication capabilities for UEs with reliable
wireless connections [55]. Few works studied the multiple UAVs in MEC network and their

cooperation with ground MEC networks. In [56], the MEC network with multiple UAVs
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was studied to minimize the network power consumption by optimizing the beamwidth and
altitude of all UAVs. However, the objective of energy minimization was not considered, and
the cooperation between UAVs and the existing ground infrastructure was not studied. In
[57], a multi-UAV enabled system was established, where the deployment of UAVs and tasks
scheduling were optimized to minimize the system energy consumption. However, the uplink
power control and the channel allocation for ground-to-air connections were not considered.
In [47, 58], the integration of air and ground for mobile edge networks was proposed to
address the emerging computation-heavy Internet of Things (IoTs) applications. However,
it lacks the practical algorithms design and detailed system analysis for such air-ground

integrated MEC networks.

3.1.2 Contributions

We summarize the contributions of this chapter as follows:

o We consider a joint optimization problem with the aim of minimizing UEs’ total en-
ergy consumption in air-ground integrated MEC networks while guaranteeing UEs’
latency constraints, power constraints, computation capacity constraints and band-
width constraint, which has not been investigated in the literature to the authors’
best knowledge. Since the energy is usually limited at UEs, the considered energy

minimization problem is practically appealing.

o An efficient iterative algorithm is proposed to solve the resulting problem by leveraging
the block coordinate descent method. For computation capacity allocation, we first
decompose the original problem into multiple small optimization problems and formu-
late a DC programming for each problem. Then, we utilize convex-concave procedure

and KKT conditions to obtain suboptimal computation capacity allocation. The pro-
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posed algorithm can be executed in a parallel manner. We also show that the proposed

algorithm is guaranteed to converge.

« We investigate a cooperative computation offloading scheme in air-ground integrated
MEC networks, where UAVs’ three dimensional (3D) placement can be managed to
cooperatively offload UEs” computation tasks with GCAPs. Intuitively, owing to the
agility and flexible mobility, UAVs can be placed above the regions where there are few
GCAPs and/or a large number of UEs. The height dependent path-loss channel model
is considered for ground-to-UAV communications. Accordingly, the flight heights of

UAVs are optimized together with UAVs horizontal coordinates.

The remainder of this chapter is organized as follows. In Chapter 3.2, the system model and
problem formulation are illustrated. Chapter 3.3 studies the proposed algorithm, and after
which the simulation results are given and investigated in Chapter 3.4. Finally, conclusions

are drawn in Chapter 3.5.

3.2 System Model

3.2.1 Network Layout

We consider an integrated UAV and GCAP network as shown in Fig. 1, where multiple
GCAPs and multiple UAVs equipped with MEC servers provide computation capabilities
for ground UEs. The set of GCAPs is denoted by M% = {1, 2, ,MG} where M© is the
number of GCAPs. The set of UAVs is given by M4 = {MG +1,---, M%+ MA} where
M4 is the number of UAVs. K UEs are distributed on the ground and the set is denoted by

K={1,2,---,K}. Here, we consider that GCAPs and UAVs are based on cellular networks
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Figure 3.1: MEC in air-ground integrated networks.

in licensed band. The total bandwidth of the system is B Hz. The minimum and maximum

allowable flight height of UAV are denoted by H,,, and Hy.y, respectively.

3.2.2 Offloading Protocol

In this subsection, we present users’ association in a time slot. We consider the deterministic
binary offloading scheme where the highly integrated or simple task has to be executed as
a whole either at the mobile device or offloaded onto a GCAP or a UAV [45]. The set of
possible servers is denoted by M’ = {0,1,2,--- ,M% MY +1,--- MY+ M}, where the
first element in M’ indicates the local server at UE itself. The association verctor of k* UE

is a, = {akg, e ,ak(Mc+MA)} which is a M% 4+ M4 + 1 dimensional vector, where

1, if UE k offloads onto server m, Vke K, mée M
0, otherwise

For ay = 1, it represents that k& UE locally processes its computation task. The system

works in a time-slotted fashion. In each time slot, each UE decides to offload its computation
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task whether onto a UAV or a GCAP, or it processes the task locally. Therefore, we have

MG +MA
Z awrm =1, Yk € K. (3.2)

m=0

We consider that m!* server has limited number of UEs associated with it, i.e.,
K
Zakm <U,, YmeMPE, (3.3)
k=1

where M¥ = {MG U MA} denotes the set of edge servers.

The computation task of UE k is denoted by Uy = (Dy, Ty, Fy) ,Vk € K, where Dy, is the
computation offloading data size of UE k, T} is the latency constraint of the task and Fj is

the required number of central processing unit (CPU) cycles of the task.

3.2.3 Communication Model

UEs are assumed to operate in non-overlapping frequency bands such that the severe inter-
ference in LoS ground-to-air uplinks can be avoided. Denote the wireless channel bandwidth
for UE k which offloads computation task onto MEC server m as By, where k € K, m € M,

and we have the bandwidth constraint as follows

MG+MA K
m=1 k=1

Given the transmit power py,, of UE k offloaded onto GCAP m, the data rate of UE k is

RS Dim
RS = Biplog, (1 + Bfmpk ) . VkeK, me M, (3.5)

EmT0
where ng represents the noise spectral density and h{ indicates the channel gain between

UE k and GCAP m, and can be computed as

he, = h§ga, (Le,) ", VYme MC, (3.6)
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where hS is the channel power gain at reference distance, g& accounts for possible fading,

L§  is the distance between UE k and GCAP m and « is the path-loss exponent.

Denote the horizontal coordinates of UE k are (z,yx) and the horizontal coordinates of

UAV m are (m;ﬁ‘l, y;‘,‘L). The horizontal distance between UE k and UAV m is given by

L, = \J(@h —2)? + (A — )’ Vhek, meMA (3.7)

According to the height dependent path-loss channel model [59], the uplink channel gain
between UE k and UAV m is

(3.8)

Y

— max<a1—aglog10<z;§b),2)
b = 1 (Ve + (12°)

where h{! is the channel power gain at the reference distance, o; and ay are constant values

depending on the communications environment, e.g. rural, urban, or dense urban.

If UE k decides to offload its task onto UAV m, the uplink data rate is calculated by

R = Bimlog, [ 1+ PionPron : (3.9)
" Bkmno

3.2.4 Computation Model

The computation capacity of GCAP m allocated to UE k is f& (the number of allocated

CPU cycles per second), and the computation capacity constraint for GCAP m is
K
Zakmf,fm < fEma ym e MY, (3.10)
k=1

where &M% is the maximal computation capacity of GCAP m. In addition, the computation
capacity of UAV m allocated to UE k is denoted by f{ . and the computation capacity

constraint for UAV m is

K
Zakmf,fm < fAmaym e MA, (3.11)
k=1



5% CHAPTER 3. ENERGY OPTIMIZATION FOR AIR-GROUND INTEGRATED MEC NETWORKS

where fAmax is the computation capacity of UAV m.

Based on wireless transmissions, it makes sense for UEs to offload computation tasks onto
proximate MEC servers as much as possible. If the wireless communications resources are
sufficient, the more offloaded tasks, the less energy can be consumed at UEs and the earlier
the tasks can be completed. The latency constraint of UE k is given by

D, F MZ+MA D, F
(_k+ k)+ M akm( ko ’“)ng, Vke K, (3.12)

MC
a —Fk + a — —_— =
kO km
2 RE. @ RE, A
ka km fk:m m=MGC+1 km fkm

m=1
where fio is the local computation capacity of UE k. In (3.12), the latency includes trans-

mission latency and computation latency [45].

3.2.5 Energy Model

According to [60], the power consumption of GCAP m is

p% = pm(fS)°, Ym e ME, (3.13)

where p,, is a constant depending on the circuit average switched capacitance, ¢ > 2 is a
K
constant representing the average activity factor, and f& = A [ is the number of

k=1
allocated CPU cycles at GCAP m per second. The maximal power of GCAP m is p&max,

Similarly, the computation power consumption of UAV m is given by
Pt = pm(f)", Yme M, (3:.14)

K

where fA = 5" ap,,fil is the number of allocated CPU cycles at UAV m per second.
k=1

Consider that the propulsion power consumption of UAV m is pA/. Then, the total power

consumption of UAV m is given by

pA =pie 4 pAl . Yme MA, (3.15)
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The maximal allowable power of UAV m is p-bmax If UE k executes its task locally, the

power consumption of UE k is given by

Pt = pr(fro)®, Vk €K, (3.16)

where p, depends on the average switched capacitance.

3.2.6 Problem Formulation

We focus on the UEs’ total energy consumption minimization problem, which is given by

L) K M@ K MM
min Z akopze o“ + Z Z AkmPrkm e G + Z Z AkmPkm 54 A ) (317>
apfab = fro k=1 m=1 R k=1 m=MG+1 R

s.t. (3.2),(3.3),(3.4), (3.10), (3.11), (3.12),

s
<2K: A fkm> <pom™, Vm e M© (3.17a)
o ¢
Pm <Z Qe f,j‘m> + il L phmax oy € MA (3.17D)
k=1
agm = {0,1}, VkeK,me M (3.17¢)
0< [ . VkekK,meMC® (3.17d)
0< fit, Vkek,vme M* (3.17¢)
0 < prm <P, VheK, meMF (3.17f)
0< Bpm, VkeK, meM* (3.17g)
Hpin < 22 < Hypay, m € MC, (3.17h)

where a = {akm}kelc,meME7 p = {pkm}keK,meME> f = {fG’fA}7 f¢ = {kam}keIC,meMG’

A= i eemens @ = L@ vmzm) e D= {Bimbremers- I (3.17), the

objective function contains the UEs’ transmission energy and computation energy.
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3.3 Proposed Algorithm

In this section, we study an efficient algorithm to solve the UEs’ energy minimization problem
(3.17). In the following, a coordinate descent optimization algorithm is introduced to obtain
a suboptimal solution with an iterative mechanism.

3.3.1 Users’ Association

By temporarily relaxing the constraints on a, the user association problem is given by

K K MS MG +MA
T ICHILED 9) LIRS0 b RSO SR RE
k=1 k=1 m=1 km k=1 m=MG+1

s.t. (3.2),(3.3),(3.10), (3.11), (3.12), (3.17a), (3.17b)

0<ap, <1L,VEke K,me M. (3.18a)

We use Lagrangian dual decomposition method to obtain the integer solutions of a. The

partial Lagrangian function of the users’ association subproblem is given in (3.19),

L (akm’ 6”% ’Vg, 7;:7 Homs )\ma Kk)

K M¢ K MS+MmA
ue,c
= E f akop;.C +E E akmpkm RC +E E akmpkm
k=1 m=1 km k=1 m=MG+1

MG+MA

MG
+ Z ﬁm (Z A, — Um> =+ Z fyg <Z akmf]?m o fﬁ,max)
MG+MA ;( " Ml? K e, 1
+ Z 7712 (Z akmfl?m - fﬁ,max) + Z ,um <Z a’kmkam _ (pm ) )

m=MG+1 k=1 Pm
MC4+MA K MG 4+MA F
k
LS (zakmfkm @A>+znk zakmf S SRy e )
m=MG+1 m=MGC+1 kO

(3.19)
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1 : Dy | Dy | Fy
where Q) = pn ™ (P™ = o) Tl = @+ 7= Tt = =+ 7, {Bunbmerrs {90 e

km

{1 e {bmYments {Am}menr and {Fg} e are Lagrange multipliers associated with the

constraints in problem (3.18).

The Lagrange dual function of the users’ association subproblem is given by
(
min £ (agm, 2)

R VY

g =1 st. Y apm=1VkeK : (3.20)

m=0

0< apm <1L,VEEK, me M

\

where 2 is the set of Lagrange multipliers.

We now separate the users’ association for GCAPs, UAVs and no association to MEC server.

The following function Fj,, is defined to obtain the optimal integer users’ association, shown

as follows
( Dy, G rG G G a
pkaG + B + Yo Som + S + 561, VEEK, meM
km
D
Fim = Phmpa—+ B+ VS + Anfign + et VREK, meMt . (321)
km
F F
_kpz&c—i—ﬁk_ka Vk‘G]C, m =0
\ fk‘O fk:O

Thus, the users’ association a can be expressed as

1, if m = arg min Fg,,
Ay = meM’ , (3.22)
0, otherwise

where the results have multiple linear calculations with low complexity.

After obtaining the optimal users’ association a* = {aj,,}cicmery> We update the dual

variables in each iteration. The dual problem of (3.18) is given by

maxg (Q), st. 2>0. (3.23)
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Based on the sub-gradient of dual variables, the updating procedure is given as follows

K
Bt =B + 1 () (Z Ak — Um) ; (3.24)
k=1
_ K 1+
Y= e (1) (Z o S — fﬁf’ma"> : (3.25)
L k=1 |
i X 1+
T = |t s (1) (Z @ton fiom = f;‘i’ma") 7 (3.26)
i k=1 |
G’ max % *
pot = |, + pa (t Z tom S — ( ) , (3.27)
% -
NI IR (z o @z) , 3.28)
k=1
MG+MA F +
ki = KL+ o6 (t Z O Z W Tt + ago o — T : (3:29)
v Jro
where [z]" = max {z,0} and ¢; (t),i = {1,---,6} are the dynamically chosen step-size

sequemnce.

3.3.2 Uplink Power Control

In this subsection, we obtain the closed-form power controls for UEs’s data transmissions.

Proposition 3.1. The energy consumption of UE k associated with GCAP m is non-

decreasing with respect to the uplink transmit power prp,.

Proof. Please refer to Appendix B.1 for the proof. ]

Since the energy consumption of a UE increases with the UE’s transmit power, the optimal

transmit power of UEs can be obtained by satisfying the latency constraints.
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Theorem 3.2. The optimal transmit power of UE k to GCAP m is given by

B mT max
pkm = min {gkm 2@ Ovpk } ) (330)

Dy
L
where €& = ZBkm <Tk fkm) — 1. The optimal transmit power of UE k to UAV m is given by
é'lmekmno max
Caga(sh)  Pi ’ (3.31)
me () + (L))

D = Min

Dy

where f,fm = ZBk (Tk ’T@> — 1.

Proof. Please refer to Appendix B.2 for the proof. O

3.3.3 Channel Allocation

In this section, we solve the channel allocation subproblem. Owing to the nature of LoS
connections between air and ground nodes, UAVs may suffer severe co-channel interference
from other ground UEs, and the UEs connected to GCAPs can be interfered by UAVs
in downlink computation results collection. In this chapter, we allocate channels to UEs to
make the communications links orthogonal to avoid the severe interference in such air-ground

integrated MEC networks.
The channel allocation subproblem is given by

MCG+MA K

mln Z Zakm ka (3.32)
m=1

s.t. (3.4),(3.17¢)
MCE4+MA

Dy,
> akak +CP <0,Vk ek, (3.32a)

m=1
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MG MCG+MA
here OB = Y Ymle S~ Gnfb e By R — RO ifm € MO and Ry, = R
w P G TA kOf ky Lflem = g, km = 1L,
m=1 ‘km g pNGyp TRT

if m € M#. The total bandwidth should be fully utilized to provide reliable data rate in

order to minimize the UEs’ total energy consumption.

Proposition 3.3. Problem (3.32) is a convex problem.

Proof. Please refer to Appendix B.3 for the proof. [

It’s worth noting the convex problem (3.32) can be solved by the optimization tools such
as CVX [61]. In this chapter, to achieve low complexity of the algorithm, we leverage
Lagrangian dual method to solve the problem (3.32) efficiently by analytically exploring the

form of solution. The Lagarange function of (3.32) is in (3.33),

MC4+MA K MC+MA D,
L(b,v,\) cp
v = 3 zakmpka #3 0| Y gt
(3.33)
MG+MA MG+MA

+ N\ Z Z Ay Bl — Z Z Ao Wi Bl

where b = {Bim } e mem V = {0k }rexc, v and A, are dual variables, C is given in (3.32a).

It can be observed that £ (b, v, \y) is convex with respect to Bjy,.

The dual problem of (3.32) is expressed by

max min £ (b, v, \p)
v,\p, b

(3.34)
st. v=0,\ =>0.

In the following theorem, we obtain the channel allocation strategy for each UE.

Theorem 3.4. Given the dual variables v and )\, the channel allocation for UE k connected
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to MEC server m is given by

_ b — Wi
B* — 1
b max{¢ <(p2m+vk)Dk1n2) 70}’

]n <1 + hkmpflm) . h*kmpzm — (335)
where Y (Bym) = Dot hhkmpkMJrB;m 07
By,2 [m <1+ g;”p;’;)}

and =1 () is the inverse function of 1 (-).

Proof. Please refer to Appendix B.4 for the proof. ]

Proposition 3.5. Function v (By,,) decreases with By, and we can use bisection method

to obtain the optimal Bj,,.

Proof. Please refer to Appendix B.5 for the proof. ]

In addition, the dual variables can be updated with subgradient method in each iteration as

follows
[ MG +MA D, *
= lut | D i+ G (3.36)
m=1
[ MG MA +
Nt =Nt | Y Z o Biom — , (3.37)
m=1
wli—ri—nl - [w/tcm - ¢w (t) Bkm} +7 (338)

where ¢y (t), ¢y (t) and ¢, (t) are the dynamically chosen step-size sequences in the iteration.

3.3.4 Computation Capacity Allocation

In this section, we optimize the computation capacity allocation for UEs given the op-

timized users’ association, power control, bandwidth allocation. Define the set C,, =
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{k € K|agm = 1} as the set of UEs associated with MEC server m based on the results

in Section III-A. The problem of computation capacity allocation can be reformulated as

MY « MG+MA «
min - o (3.39)
£G A R¢ A
T om=1keK,, ~ km m=MG+1keKy ~ km

s.t. (3.12), (3.17d), (3.17¢),

Z kam < min {fnCi,maX’ fnC;',P,max} 7vm c MG (339&)
keKm
> f, < min {famex fAPmY Ym e M4, (3.39b)
kem

ﬁ,max i,max A, f

1 1
S - S .
where f&Pmax — (pm___)* @ fAPmax _ (Pm__—Pm’)° and we integrate the MEC server’s
m Pm v Jm Pm ’

maximal computation capacity by considering its maximal power consumption.

By substituting the uplink transmit power in (3.39) with the optimal power consumption
obtained in Section ITI-B and considering the latency constraint of each UE, we can further

reformulate the computation capacity allocation problem as follows

G P
M ﬁ *
) B}, Tk*%) By,.no Fy,
min E g 2 " Tem/ — 1 }’;’g Ty — —
A
£ f m=1kekm km km

o (o Y Bino (T — £ )
DD pin (k) m f?maGA(za) .

m:MG k ICm
o (a2 +@h?)

s.t. Z f5, < f5Pee Ym e MC (3.40a)
keEXm
> F < e ¥m e MA (3.40b)
]CEICm
Comin < f9 Yk € K, m € MC (3.40c)
Amin A k€ Ko, m e MA (3.40d)
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where

fG,prac — min

1
G’ max \ <
{fG max P * ) }
A A A max __ pA,f
f Prac _ in f max m )

Al

3

Pm
_ D -1
k
G it — max { Fy | T — 0
R*G max ) )
L km
_ D - -1
Amin __ k
km = Imax Fk Tk — —R*A,max ,O
km

h max
R*G’ ,Jmnax __ BZmIOgQ (1 + ngk ) 7

h max
Bkm

67

B}, is the optimal bandwidth of UE £ associated with MEC server m obtained in Section

II1-C.

Given the optimized users’ association, power control, bandwidth allocation, the computa-

tion capacity allocation strategies are uncorrelated among different MEC servers. Therefore,

problem (3.40) can be decomposed into MY + M# parallel subproblems. For GCAP m, the

computation capacity allocation problem is given by

min Z ZBE"A‘(TKJ"I:TI;) -1 Bimo (Tk — %),

G
fTGﬂ kEom h‘km fkm

Gmln fkm;Vk e ]C

(3.41)

(3.41a)

(3.41b)
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In addition, for UAV m, the computation capacity allocation problem is given by

_ P F
min o Bim (Tk fkm> —1 (Tk _ Tk)
fn ke m km
D‘GA(zm)
Biano | ((0)°+ (14,)7)
3.42
hOA ’ ( )
s.t. Z i < T, (3.42a)
kEXm
flmin < itk € K. (3.42b)

Since (3.41) and (3.42) have the same form with respect to the computation capacity allo-

cation (i.e., f& and f{ ), we will focus on the problem (3.41) in the sequel.

The objective function of (3.41) can be transformed as follows

Dy,
* Fr *
. Bem Tk*f) By, no Fy,
i 37 (20 | Bt (7, T
f7Gn kCKm hkm fkm
m kE’Cm
(3.43)
where
e () B, | BinnoFk 1
(fim) = C27m " Y Tk"‘TT’
CB* - - km km km
G (f) = =2 i),
kmJ km

Dy,

Dy, .
and £§ = {f&., f5, -  [% ) C1 =27 Cop = 2Pk %Tk, and functions F' (fg,)

and G (ff,) are expressed in (3.43).

Proposition 3.6. Problem (3.41) is a difference of convex (DC) functions programming.
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Proof. Define the function h (z) = e+ and g (z) = e%%. We have h” (z) > 0 and ¢" (z) =
e (5 + %+ %) > 0. Therefore, functions F (f{,) and G (fS,) are convex with respect
to f& . In addition, the constraints in (3.41) are also convex. Since a summation of DC

functions is still convex, problem (3.41) is a DC programming. 0

In this chapter, the convex-concave procedure is used to solve the above DC programming
[62]. In DC programming literature [63], the local optimization approach often yields the
global optimum, and the starting-point choosing and regularization methods can also assist
the local optimization approach to find global optimum. Since G ( kam) is a convex function

of f&., G (ff,) is lower bounded by its first order Taylor expansion [64] as follows

G (fim) = G ([l (1) + G (i (1) (fi5on — T (1))

where
(3.44)
G (£, (1)
F.D
_ CiBiwnoFi i n(nag,oon) | W2FDy o1
hG S () Bi (ThfC () — F.)* [, (@)

where fC (t) is the last optimal allocated computation capacity for UE k associated with

GCAP m. Therefore, the objective function in (3.43) can be approximated Op where

Or
= > F(f5) =[G (5, ) + & (fn ) (fh = 1 ()]
kEX
(i) Biwnon, | BimmoFi
e Z 022Bkm ( f’m ) — ],]ZkG Tk khT
kem m m
oDy (3.45)

1 _Olem’rLoFk
fim  Pinion ()

9 B T (Tk . (t)—Fk)

F. D
C B*mn Fk x ; Cf t)—
Pty W 005) (15, ~ 15, 0)
kmJ km
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Problem (3.41) can be approximately reformulated by

Fy Dy,

%?ggfzymﬂ@w&Fw+f%gé<é%_7@

—w (£, ) + 7 (5, ©) (feh — fon () (3.46)
.. (49a), (49D)
where
W (fiom (1) = %23%%(5:%“%%), (3.46a)
(6 0) = (5 () | o ! (3.46D)

e (- F) TG0

It can be observed that problem (3.46) is a convex problem due to the fact that the sum of
multiple convex functions is still a convex function. An iterative algorithm can be developed
to update the variable fC (¢) with a stopping criterion Op (kam (t)) —Or (f,fm (t+ 1)) < ep,
where e is set to be a small value. In each iteration, the optimal solution is obtained in the

following theorem.

Theorem 3.7. Given users’ association, uplink optimal power control and optimal channel
allocation, the computation capacity allocation for UE k associated with GCAP m is obtained

as follows.

(1) When > max (\I/gm_l (7 (5, @) Gmin) > férrac e have

' Jkm
k’e’C'm
16, = ma (95,7 (4 7 (16, (0)) . FE) k€ K (3.47
where \¢ is calculated by

S e (W5, O (5, () ) = e (3.43)

kEXm
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and
F.D *
0G, (y) = 27ntntm) _C2mIADe Bintoll, (3.9)
B, (Tyy — Fy) )
(2) When > max (\Ikam_l (r (£S5, @), ,S;me> < f5Pee, we have
kEKm
Flin = max (W5, (7 (£, (1)) L FE™) K € Ko, (3.50)

where kaT;lmin is given in problem (3.40).
Proof. Please refer to Appendix B.6 for the proof. ]

For UAV m, the computation capacity allocation problem in (3.42) can be solved by the
convex-concave procedure which is similar to that of problem (3.41) and it is omitted here

to save space.

3.3.5 UAV Placement

UAVs’ placement can be managed to cooperatively offload UEs’ computation tasks with
GCAPs [47]. According to the height dependent path-loss channel model, increasing UAV’s
flight height decreases the path-loss exponent, however, it also increases the communicating
distance. Therefore, the 3D UAVs’ positions need to be optimized. The UAV placement

problem is presented in the following

Dy,
MG+ MA (T F
k A

m&n Z Z QBZT" _Tk%)—l %

m=MG+1 ke

max(al—QQloglo(z,‘;?L),Q)

: [(Zfz)z + (Lfm)Q] : <Tk - if) (3.51)

St Hpin < 22 < Hypax, Y € M4, (3.51a)
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where H,,;, and H,,,, denotes the minimum and maximum flight height of UAV, respectively.

The problem (3.51) can be decomposed into M* subproblems and the subproblem for UAV

m is given by

max(oq —a2log10(zﬁ),2)

. A2 A 2 A 2 2
xAn;‘nzA Z CL. [(zm) + (@ — )"+ (v — k) ] (3.52)
I ke K,
St Hupin < 22 < Hyax, (3.52a)
where (3.52Db)
Dg
f | T B F
i = szm(Tk i) _ 1 2"3”0 (Tk —~ Tk) . (3.52¢)
0 km

It can be verified that in (3.52), given horizontal coordinates (:L‘ﬁl, y;ﬁ), the objective function

A

is neither convex nor concave with respect to z;/,. The problem (3.52) is a non-convex

problem.

To solve the problem (3.52), we discrete the feasible set of UAV’s flight height [Hpin, Hmax]

into {Hy, Ha,- -+ , Hy,, }, and we optimize the variables (xfl, y;i) given a z | as follows
max(cxlfoagloglo(zﬁl)ﬁ)
. A2 A 2 A 2 2
mrényr}%k : Cgm[(zm) + (x5, — z)” + (i — uk) ] : (3.53)
€Km

Then, we repeat the above procedure over all discrete values of UAV’s flight height. Finally,

we select the optimal 22 with the minimum objective value in (3.53).

Note that the problem (3.53) is a convex problem and it can be solved by the optimization
tools such as CVX [61]. To solve the problem (3.53) more efficiently, we use the bisection

method as follows. According to the stationarity of KKT conditions of problem (3.53), we
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have Hom
T = 2 200 (o — ) [ ()’
Tm ek, (3.54)
2 2 aﬁGfl
+(zh — )"+ (v — vk) ] =0,
and Hom
L= 3 200,008 (v — ) | ()]
Un e, (3.55)
2 2 a;ﬁG—l
(- w)*+ (y:i—yk)] ~0,
where Op is the objective function of problem (3.53) and At = maX (a1 — awlogy, ( A) , 2).

By using the bisection method, we obtain the optimal values of x2 and y:}, respectively.
In addition, due to the limited number of the elements in {Hy, Hs,- - , Hy,, }, the proposed

approach is tractable and has low complexity.

3.3.6 Iterative Algorithm and convergence

The iterative algorithm for solving the problem (3.17) is given in Algorithm 1, where E};

tth

represents the total energy consumption of UEs in ¢ iteration.

Denote O (a,b,f,q,p) as the objective value of original problem (3.17). In step 3 of Al-
gorithm 1, since a® is one suboptimal users’ association of problem (3.18) with the fixed
—D =) g1 and p*, we have
O (a1, b, §-D gD, pt-1)

>0 (at’ b1 f=1) q(t=1) p(t—l)) ‘

(3.56)

1) (t—1)

In step 4 of Algorithm 1, for given a®, =1 g1 and p®=Y, bt is the optimal channel

allocation of problem (3.32) since the strong duality holds for the dual problem, and we have
O (at7 b(t_l), f(t—l)’ q(t—l)’ p(t—l))

>0 (at’ bt =D gt p(t—l)) ‘

(3.57)
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In step 5 of Algorithm 1, since G ( f,?m) is lower bounded by its the first-order Taylor expan-
sion as shown in (3.44), the objective value of convex problem (3.46) serves an upper bound
of that of the DC programming (3.41). Denote Q" (.) as an upper bound of UEs’ total
energy consumption which is calculated based on the optimization problem in (3.46) with

respect to the computation capacity allocation f. For given (a), b® =1 q(*=1) it follows

1, (at’ bt {1 gD, p(t—l))
> O (at’ bt, f(t—l)7 q(t—l), p* (bt, f(t—l)7 q(t—l)))

(@) yubt-1 (a’, b, £ =D p* (bf, -1 q-V)) (3.58)

(Q Oub,t (at’ bt, ft7 q(t—l), p* (bt, F, q(t—l)))

©
2 @ (at7 bta fta q(t_l)a p* (bt7 ft? q(t_l))) )

where p* () denotes the function of optimal power control as stated in Theorem 1. In (3.58),
(a) holds since the first-order Taylor expansions in (3.44) are tight at the given local points,
which means that the solution of problem (3.46) serves the same value of UEs’ total energy
consumption as that of problem (3.17); (b) holds since in step 5 of Algorithm 1 with given a’,
b* and =Y, problem (3.46) is solved optimally with solution f*; (¢) holds since Q%" is the
upper bound of the objective value of original problem (3.17) at f*. The inequality in (3.58)
suggests that although only an approximate optimization problem is solved for obtaining the
computation capacity allocation, the objective value of the original problem (3.17) is still

non-increasing after each iteration.

In step 6 of Algorithm 1, given (a’, b’,f/,q*~V), we have
O (a', b, f,q" Y, p* (b',f,q" V)
> O(atabtvft7qt7p* (btaft7qt)) <359)
=0 (", b, f,q",p").

Inequality (3.59) holds because q' is the optimal 3D positions of UAVs regarding problem
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Algorithm 1 Iterative resource allocation for air-ground integrated MEC networks.

Require:
Set the initial solution (al®, p® b £ q(0) the iteration index ¢ = 0, the tolerance
of objective function €4, the maximal iteration number N 5% .
Ensure:
The near-optimal resource allocation strategies for air-ground integrated MEC networks;
The minimum UEs’ total energy consumption.
1: while (Ej%, — Elp,)/Ebps = €op; or t < NG do
2:  Updating iteration index t =t 4 1;
3 With fixed (b=, ft=1 q(=1 pl=1) optimize a® according to problem (3.18);
4 With fixed (a®, f=1 q=D pt=b) optimize b® from problem (3.32);
. With fixed (a®,b® =D q(=1) optimize f¥) from problem (3.41) and problem
(3.42);
With fixed (a(t), b®, f(t)), optimize g from problem (3.51);
With fixed (a,b®, ) q), obtain p® in closed-form based on Theorem 1;
Obtain objective value Ef,,, = O (a', b, ', ¢, p* (b, f',q"));
end while
10: return The near-optimal resource allocation strategies for air-ground integrated MEC
networks, (a*, p*, b*, f*, q*);
The minimum UEs’ total energy consumption, Ef ..

(3.51) with fixed a’, b* and f{*).

Thus, the UEs’ total energy consumption is non-increasing after the updates of users’ as-
sociation, channel allocation, computation capacity allocation, UAV placement and uplink
power allocation. In addition, the UEs’ total energy consumption is always positive. Since
the UEs’ total energy consumption is non-increasing in each iteration and is lower bounded

by zero, Algorithm 1 converges.

3.3.7 Complexity Analysis

To solve the users’ association problem (3.18), the complexity of updating users’ association
according to (3.22) is O (K (M G+ M A)). The complexity of updating dual variables in
(3.24)-(3.29) is also O (K (M“ + M*)). Denote the number of iterations for dual method
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of problem (3.18) is Na. The total complexity of problem (3.18) is O (NaK (MY + M*)).

For problem (3.32), denote the complexity of obtaining the inverse function as O <é> The
complexity of updating dual variables in (3.36)-(3.37) is O (K'). Thus, the total complexity
of problem (3.32) is O (N pKlog, (i)), where Np is the number of iterations in problem
(3.32).

For problem (3.39), denote the complexity of obtaining the inverse function (3.47) or (3.50)
as O (%) The complexity of solving (3.48) is denoted by O (i) The total complexity of

problem (3.39) is given by O ((MG + M*) Klog, (i) log, (é))

Denote the complexity of solving (3.54) is O <i) The complexity of solving problem (3.53)
is O (210g2 (é) ) The total complexity of problem (3.51) is given by O <2MANHlog2 (i)) ,

where Ny is the number of discrete values of UAV’s flight height.

Thus, the total complexity of Algorithm 1 is given by

1

1 1 1
+log, (5—2> log, (5_3)) + 2]\/[ANHlog2 (5_1))) ,

where Ny is the number of outer iterations.

o) (No (NBKlogz (El) (M + M) K (N (3.60)

3.4 Simulation Results and Discussion

In this section, we provide numerical results based on our proposed resource allocation
algorithm and evaluate the performance of the computation offloading in such air-ground
integrated MEC networks. The simulated system works on the parameter settings shown in

Table I, unless otherwise stated.

An illustration of the simulated scenario is presented in Fig. 3.2. UEs are uniformly dis-
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Table 3.1: Default Parameter Setup

Parameter Value
K, My, Mg 100, 10, 10
Hin, Hnax 10 m, 120 m
UE max power P;"** 0.5 W
fGmaz - pdmaz 1 x 10 cycles/s, 1 x 1019 cycles/s
UE data size Dy, 5 x 10° bits
Latency T 1000 ms [56]
Bit and cycle conversion cp,. 1 x 103 cycles/bit [54]
UE computation capacity f;"** 2 x 10? cycles/s
Coefficients p, ¢ 1 x 10727, 3 [54]
Maximal connected UEs Ug, Us 30, 10 [56]
Total bandwidth B 10 MHz [52]
Noise spectral density ng -104 dBm/Hz [52]
Path-loss exponent « 3

tributed on the ground within the region of interest form by 1000 m x 1000 m, where there
are 100 UEs. There are 10 GCAPs which are uniformly distributed on the ground. The
number of UAVs is 10. We consider the uniform distributed UAVs as the initial solutions
of UAV placement, and the 3D positions of UAVs will be optimized based on the proposed
algorithm in the sequel. In Fig. 3.2, we presented the optimized 3D positions of UAVs. Our
simulations are run on Matlab using a computer with the CPU processor @ 1.8GHz and
1.99GHz. The small-scale power channel gain for ground wireless communications is as-
sumed to be exponential distribution with mean value 1 [42]. We consider equal parameters
for all GCAPs and UAVs (i.e., equal maximal computation capacity, equal maximal number
of associated UEs). In simulations. we suppose that all UEs have equal computation tasks

(i.e., equal computing data size, equal computation capacity).

In Fig. 3.3, we compare the total energy consumption of UEs with respect to the itera-
tion number of the proposed algorithm. It can be observed that the objective value of the
Problem (3.17), i.e., the total energy consumption of UEs, decreases rapidly within sev-

eral iterations. The total energy consumption of UEs obtained by the proposed algorithm
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Figure 3.2: Air-ground integrated MEC networks.

outperforms that conducted by the original method where all UEs’ computation tasks are
executed locally at mobile devices denoted as iteration 0. In addition, according to Fig. 3.3,
when the maximal computation capacity at MEC servers (f..) increases, UEs can save
more energy through computation offloading while guaranteeing their latency constraints.
This is because, with the increase of the maximal computation capacity at MEC servers,
more UEs can be offloaded onto UAVs and GCAPs, and thus UEs will only consume less
energy for data transmissions than the great energy for locally computing. It can also be
observed that the total energy consumption of UEs can be further reduced if the available
system bandwidth increases. This is because the increased bandwidth compensate for the
reduced transmit power at a UE to achieve a desired data rate. Therefore, the total en-
ergy consumption for transmissions at UEs reduces with the increase of available system
bandwidth. Besides, the increased bandwidth allows more UEs to offload onto MEC servers

through wireless communications while guaranteeing their latency constraints.
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Figure 3.3: Energy consumption of UEs with respect to iteration numbers.

In Fig. 3.4, we compare the total energy consumption of UEs obtained by the proposed
algorithm with respect to the computation capacity of UE. It can be observed that the
total energy consumption of UEs increases with the UEs computation capacity. This can
be explained as follows, when the UEs computation capacity increases, the execution time
of computation tasks is reduced. However, the power consumption of computation increases
more rapidly based on the average activity factor ¢ which is usually greater than 2 [60].
Therefore, the energy consumption for local computing at each UE increases with UE’s

computation capacity.

According to the above property, the MEC servers will consume more energy for the same
tasks if MEC servers have higher computing capability. The motivation behind that UEs
choose to offload computation tasks onto MEC servers is discussed as follows. Since energy
is usually scarce at mobile devices, to prolong the battery life-time of mobile devices, UEs

are willing to offload their computation tasks onto MEC servers to reduce their energy
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Figure 3.4: Energy consumption of UEs with respect to UE’s computation capacity under
different numbers of UAVs, where D;, = 1 x 10° bits.

consumption at mobile devices. On the other hand, higher computing capability of MEC
servers facilitates more computation tasks offloaded from UEs to MEC servers, which brings
more income to service provider by charging from UEs while at the price of consuming
more energy at MEC servers. Thus, both UEs and service provider would benefit from the

computation offloading.

In addition, in Fig. 3.4, by comparing different numbers of UAVs, i.e, My, we observe that
the total energy consumption of UEs decreases with M 4. This is because when M, increases,
more UEs can be offloaded onto UAVs for computation offloading with LOS connections,
where some UEs transfer from GCAPs to UAVs to achieve lower transmit power, or get rid
of locally computing, which decreases the total energy consumption of UEs. In Fig. 3.4,
we also compare the performance of the proposed algorithm for air-ground integrated MEC

networks and that of the method of local computing. It can be observed that much energy



3.4. SimuLATION RESULTS AND DiSCUSSION 81

800 T T T
—e—Latency requirement T = 1.2 s, B =10 MHz
—v—Latency requirement T=1s, B =10 MHz
=700 Latency requirement T = 0.8 s, B = 10 MHz
5 Latency requirement T =1's, B =20 MHz L
=
=]
= 600
S
=)
8
2,500 -
g Latency requirement
& decreases
© 400 -
S
>
)
5
=300 F ——
it () T=1s\_
3 Ll
©
= 200¢
Y
100 1 1 1 1
1 1.2 1.4 1.6 1.8 2

Date size of UE's computation task, [Mbits]

Figure 3.5: Energy consumption of UEs with respect to the data size of UE’s computation
task under different latency constraints.

can be saved at UEs based on the proposed algorithm in computation offloading.

In Fig. 3.5, we examine the total energy consumption of UEs with respect to the data
size of UE’s computation task. When the data size of UE’s computation task increases, the
total energy consumption of UEs improves. On one hand, more data needs to be transmitted
from UEs to MEC serves and thus this consumes additional energy for data transmission. On
the other hand, the limited computation capacity at MEC servers restricts some UEs to be
offloaded onto MEC servers due to the unsatisfied latency constraints. The increased number
of UEs which compute locally leads to the improvement of the total energy consumption of
UEs. In addition, if the latency constraints of UEs increases, more UEs would prefer to wait
for the computation results returned from MEC servers. Therefore, increasing the latency
requirement of UEs reduces the total energy consumption of UEs. This makes UEs balance

their computing data size and latency constraints in terms of their energy consumption in
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the MEC networks.

3.5 Summary

In this chapter, we developed an energy efficient resource allocation algorithm for an inte-
grated UAV and ground mobile edge computing (MEC) network. We aimed to minimize the
total energy consumption of UEs by optimizing users’ association for computation offload-
ing, uplink transmit power, allocated bandwidth, computation capacity and UAV placement.
To solve the primary problem, we decomposed it into several manageable subproblems and
alternatively optimizing each subproblem. Simulation results demonstrated the advantages

of our proposed algorithm compared with the local computing method.



Chapter 4

Deep Learning-Assisted
Energy-Efficient Task Offloading in

Vehicular Edge Computing Systems

4.1 Introduction

In vehicular networks, vehicles need to process a significant amount of data in real-time for
road traffic services such as safety, sensing, localization, and decision making [65, 66, 67].
In-vehicle users also require infotainment applications involving the execution of data. Due
to the extensive workloads and the limited computation capacity at both vehicles and in-
vehicle users, it is quite difficult to meet the latency requirements when they locally process
their computation tasks [68]. Moreover, as vehicles and in-vehicle users are mobile, they are
often subject to strict energy consumption restrictions. Besides, as the energy consumption
of computation is usually greater than that of data transmission, it is expected to develop
energy-efficient methods to reduce users’ energy consumption and guarantee their latency
requirements in computing. Vehicular edge computing (VEC) has become a promising com-
puting architecture for vehicular networks, where users’ computation tasks are offloaded to
edge servers via roadside units (RSUs) which have wireless communications capability for

receiving data from users and sending back computation results [69, 70]. Compared to locally

83
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executing computation tasks at users, VEC systems enjoy two main advantages of energy
saving and latency guarantee, which benefit from the increased computation capability and

the short communication distance.

In terrestrial mobile edge computing (MEC) systems [71], full channel state information
(CSI) is assumed to be available at base stations [45, 72, 73]. This assumption does not
hold anymore in VEC systems, since the channel varies fast due to the high speed of moving
vehicles and it is quite difficult to estimate CSI and feed back to the RSUs [74, 75]. Therefore,
it is expected to take into account the channel uncertainty in designing VEC systems. In
many computation services and applications, the latency is required to be just below a
given threshold, while users seek to achieve lower energy consumption as possible [9, 76].
Under the uncertainty of small-scale fading, it remains an open queation as to how to jointly
allocate both communication and computation resources based on large-scale fading channel
information in VEC systems to minimize the total energy consumption of users. The main
differences of this work from the existing works related to VEC are presented as follows: a)
the unknown small-scale fading in vehicular-to-RSU (V2R) channels is taken into account;
b) multiple edge servers and users are considered; ¢) a practical partial offloading assumption
is made for VEC systems; d) the objective is to minimize total energy consumption of users.
Based on these differences and considerations, in this chapter, we minimize the total energy
consumption of users by jointly optimizing the variables of users’ association, data partition,
transmit power, and computation resources at edge servers, subject to the constraints of
partial offloading, the maximum transmit power, users’ latency, outage performance, and
computation capacity of edge servers. Such a computation offloading problem is practically

appealing but has not been studied in the literature to the best of authors’ knowledge.
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4.1.1 Related Works

In existing works, various aspects of VEC have been investigated in the literature such as
latency minimization in the integrated cloud and edge computing [77], VEC systems utility
maximization in vehicle-assisted computation offloading ground users [78], federated learning
in VEC systems [79], etc. However, there are few works addressing the energy minimization
problem for VEC systems [80, 81]. In [80], the authors studied an energy-efficient workload
offloading problem based on consensus alternating direction method of multipliers. However,
[80] only considered the workload problem in one RSU’s coverage and it lacks the cooperation
between multiple RSUs and edge servers while the road traffic is dynamic and inhomogeneous
along the road. Besides, the problem only optimized the portion of the workload, but did
not investigate the joint communication and computation resource allocation problem. In
[81], the authors studied an optimization problem to minimize the overall system energy
consumption by optimizing the decisions between local and offloading and the number of
allocated resource blocks; however, it did not consider the partial offloading in VEC systems
as well as the joint communication and computation resource allocation among multiple
edge servers. In addition, the above works did not consider the channel uncertainty in VEC

systems caused by high-speed motion of vehicles.

4.1.2 Contributions

We summarize the contributions of this chapter as follows:

o« We develop a computation offloading algorithm for VEC systems. Specifically, we
minimize the total energy consumption of users by jointly optimizing the variables of
user association, data partition, transmit power, and computation resources at edge

servers, subject to the constraints of partial offloading, the maximum transmit power,
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user latency, outage performance, and computation capacity of edge servers.

We consider the unknown small-scale fading in V2R channels and the outage perfor-
mance in VEC systems. Moreover, our work is not restricted to a single RSU and
an edge server. We consider multiple edge servers and users in VEC systems. Fur-
thermore, we focus on the partial offloading model for computation tasks, making it

possible to implement fine-grained computation offloading in VEC systems.

We utilize deep learning method to obtain user association and integrate it with the de-
veloped optimization algorithm. Based on this approach, the computational complex-
ity for obtaining the user association is very low, where the input network parameters

simply go through a designed neural network model.

The remainder of this chapter is organized as follows. In Chapter 4.2 presents the system

model. Chapter 4.3 studies the introduced algorithm. Numerical results are given and

discussed in Chapter 4.4. Finally, conclusions are drawn in Chapter 4.5.

4.2 System Model

4.2.1 Network Layout

We consider a VEC system with M edge servers and K users as shown in Fig. 4.1. The

set of edge servers is denoted by M = {1,2,--- M}, and the set of users is indicated

by K = {1,2,---,K}. Each RSU has a wire-connected edge server that has a certain

computation resource to process users’ computation tasks.
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Figure 4.1: An architecture of vehicular edge computing systems.

4.2.2 Communication Model

Based on the channel modeling for vehicular communications in [74, 75], the V2R channel
between k-th user and m-th RSU at time slot ¢ is given by hp, (t) = hE grm (t), where
hE = RepSem(Lim) " accounts for the large-scale fading component and gj, () represents
the small-scale fading component at time slot t. Specifically, h,.s is channel power gain
at reference distance, ¢, is the shadowing component, Lj,, denotes the distance between
k-th user and m-th RSU, and « is the pathloss exponent. The instantaneous uplink data
rate Ry, (t) of the k-th user connected to the m-th RSU at the time slot ¢ is given by
Rym (t) = Blog, (1 + h’“mT(;t)p’“), where B is the channel bandwidth, p; indicates the transmit
power of the k-th user and N, represents the noise power. We consider that users are
allocated with orthogonal resources for uplink transmissions in a specific road segment. The
adjacent road segments operate on different frequency bands. Thus, the interference from
other road segments on the same frequency band is neglected. The maximum transmit power

of the k-th user is denoted by p;'**.
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In the time domain, time is equally divided by time slots of length 7" on the order of hundreds
of microseconds. Many consecutive time slots construct a time block on the order of hundreds
of milliseconds. The large-scale fading component is typically determined by users’ locations
which vary little within each time block. We assume that the large-scale fading component
is known at RSUs, because the locations of vehicles are usually available at RSUs. However,
the small-scale fading component varies rapidly during a time block due to the high mobility
of vehicles, which is unavailable at RSUs, but its statistical characterization is assumed to be
known. We assume that the small-scale fading component remains constant during one time
slot but fluctuates as an independent and identically distributed (i.i.d.) random variable
across different time slots. We consider the Rayleigh distribution for small-scale fading with

parameter A\, [74].

Y hémpk
Rim = Blog, | 1 + x| fy (z)dx
0 No

_BA T e dx = B g ( NoAg ) (4.1)
n2 J, =+ thOpk In2 hE i)’

where f, (z) = A\ge™", @ (z) = "By (z), By (z) = [° %dy (x > 0) is the exponential
integral function, and the exponential distribution of small-scale fading component (i.e.,

fy (@) is introduced.

4.2.3 Computation Offloading

In partial computation offloading, the k-th user offloads S (5x € [0, 1]) portion of its data to
an edge server, while the remaining 1 — 3 portion of data is executed locally at the k-th user.
The association vector of the k-th user is given by ay = {ag1, - ,arn}, where ag, = 1 is

defined as if partial task of the k-th user is offloaded on the m-th server, otherwise, ag,, = 0.
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Each user can offload partial data to only one edge server, obeying the constraint as follows

M
Y arm=1, Vkek. (4.2)
m=1

Note that if the k-th user executes all of its data locally, we can set Sy to zero, regardless
of the values of a;. In (4.2), each user is associated with one RSU, facilitating the control

information exchange in VEC systems.

The computation task of the k-th user is expressed as Vi, = (D, Tk, Fy) , Vk € K, where Dy, is
the data size of its computation task, T} is the latency requirement of this task and F, is the
required number of central processing unit (CPU) cycles for processing this task. In general,
the required number of CPU cycles is given by Fj = ¢,.Dy, where ¢ is the coefficient for

bit and cycle conversion [45].

4.2.4 Computation Model

Each edge server has limited computation capacity, upper bounded by f3**, which indicates
the maximum number of allocated CPU cycles per second at the m-th edge server. The
allocated computation resource for the k-th user at m-th edge server is denoted by fin,

Vk, m. The computation capacity constraint at the m-th edge server is given by

K

> g fim < 0™, Ym e M. (4.3)

k=1

We consider that the k-th user transmit at Ry, in a time block to reduce implementation

complexity. Accordingly, the latency constraint of the k-th user is given by

M
maX{Zakmﬁk(Dk + F’“),(l_ﬁ’“)F’“}ng, (4.4)
m=1

ka fkm ka

where fio denotes the local computation capacity of the k-th user. The computation power
consumption of k-th user is given by p{ = p(fr0)°, ¥k € K, where p and ¢ are constants that

depend on the average switched capacitance and the average activity factor, respectively [45].
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4.2.5 Outage Probability

The outage probability of data transmission for the k-th user connected to the m-th RSU
in a time slot is given by P? =~ = P{Ry, (t) < Rin}. In addition, the required number
of time slots for data transmission is denoted by Ng,,, where Ny, = %. We consider
that the user’s average number of outage time slots is less than a certain threshold u,,
i.e., NpmP{Rkm (t) < Rpm} < fo, Vk € K, where p, denotes the threshold of the expected

maximum outage time slots for transmitting 55 portion of data to the RSU.

Lemma 4.1. The outage constraint of the k-th user connected to the m-th RSU is given by

M g9 g
3 {1 - (200 )

m=1

} akmﬁka In2

< toy VEEK. (45
TBA(I)(NOApk> (4:5)

Proof. Please refer to Appendix C.1 for the proof. ]

4.2.6 Problem Formulation

In this paper, we focus on minimizing the total energy consumption of users, as follows

min (1 — Bk kak n Z Z A Pr 10 285, Dy, (4.6)
abp.f i =t BA® (712
- hE py
st (4.2), (4.3), (4.4), (4.5),
agm = {0,1}, Vke K, Vme M, (4.6a)
0< pe <™, VkeK, (4.6b)
0<B. <1, Vkek, (4.6¢)

0< fim, VEkEK, VYmeM, (4.6d)
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where a = {akm }ex mepq 18 users’ association, b = {8}, indicates users’ data partition,
P = {Pk}ex denotes users’ transmit power, and f = { fim }rex mess TEPTESENtS cOmputation
resource allocation. In the objective function of (4.6), the first term is the energy consump-
tion for users’ local computing, and the second term captures the energy consumption of
users’ data transmission. The constraints of problem (4.6) includes partial tasks offload-
ing constraints, edge servers’ computation capacity constraints, users’ latency constraints,
the outage performance constraints, the maximum transmit power of users, and feasible
value constraints. Note that (4.6) is a non-convex problem due to the coupled variables in

non-convex objective and constraints.

4.3 Proposed Algorithm

We study an efficient algorithm to solve the users’ energy consumption minimization problem

(4.6) in VEC systems.

4.3.1 Joint Data Partition and Computation Resource Allocation

Given the user’s association a and power allocation p, we jointly optimize users’ data parti-

tion b and computation resource allocation f, where the sub-problem is given by

K

K
, (1= Bk) Fapi, kP B Di.
min —_— + —_— 4.7
b.f ; o ; R (4.7)
5.t (4.3), (4.5), (4.6¢), (4.6d),
mBrD m]
UmbeDe | GnFiBe _ o ek, (4.7a)
Rk:m fkm
1-— F
U=BF 5o wek. (4.7b)

Jro
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It can be verified that the left hand side (LHS) of constraint (4.7a) is not jointly convex for

By and fr,,. For ease of analysis, we introduce v, = /[ to transform (4.7) as follows

min — Z W2 (4.8)

s.t. (4.3), (4.6d),

W V2Dy Qe Fr
_|_
ka fkm

AW <y < VR € K (4.8b)

~T, <0, VkeKk, (4.8a)

1
_ Fy,C_ axmprfBrDr b _ _ Twfro 2 _ubl __ . BoTBAg NoAg
where ¢, = =Dk mpER ) = max 1 B 00,7y, =minql, n2D, e ,

R PR

© (+) is given by

O (z) = ¢ () {1 —exp (1 _ (12 ))] - (4.9)

Proposition 4.2. The LHS of constraint (4.8a) is jointly convex for vy and frm.
Proof. Please refer to Appendix C.2 for the proof. [

However, the convexity of the objective function of problem (4.8) depends on ¢, k € K. We
partition the set of users K into two subsets K_ and K, where K_ = {k|k € K, ¢ < 0},
Ky ={klk e K, c, > 0}. With the successive convex optimization technique, in each itera-
tion, the objective concave functions are approximated by more tractable functions at given
local points. Recall that any concave function is globally upper-bounded by its first-order

Taylor expansion at any point. For k € IC, , we have

= > wla <= >0 (00 e+ 29k (w - 1)), (4.10)

kek4+ keK 4+
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where 7: is the value of 7, in the ith iteration. Given 7%, problem (4.8) is reformulated by

min — Z T e — Z ek (2% — 1) (4.11)

c,f
kek_— ke

s.t. (4.3), (4.6d), (4.8a), (4.8b),

which is a convex problem. In the sequel, we apply the Lagrangian dual method to solve the
problem in (4.11) efficiently by investigating the analytical form of solutions. The Lagarange

function of (4.11) is given by

mifnL(c,f,w,ﬂ), (4.12)

where L (c, f, @, ) is given in (4.13) as follows

L(c,f, @)= — Z Vel cr — Z ek (29 = i)

kek kek 4
M K K * 2 * 2
. max e Ve~ Di | O V6™ F
+ > @ [ Y i fiom — f +Z?9k(k3* + Zem ) —Tk),
m—1 k=1 k=1 km Jem

(4.13)

where {@,},,c 0 and {04}, o are the Lagrangian multipliers.

Since (4.12) is convex, we use the coordinate descent method to find the optimal solution to
(4.12). Specifically, given f, we first optimize c; then, given the optimized ¢, we optimize f,

which are shown as follows

¢/t = argmin L (c,f’j,w,ﬁ) , (4.14)

C

£ — argmin L (ch, f, w,ﬁ) , (4.15)
f

where ¢/T! and 1 denote the optimized c and f in the (j + 1)th iteration, respectively.
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Theorem 4.3. Given £, for k-th user, if ¢, <0, we have 7J+1 =~ if cp > 0, we have

W i<
1 o . 1)
nh=9 Zf%i”é pt<'7k ) (4.16)
W AR <A
where (4.17)
M -1
opt i e D, Aern Fe
YW =y | Ok + — : (4.18)
O
1
2
ub . g Dy, Clkka ub,1
Yy = min — Y, . 4.19
pomin{n [ teDh ol | (419

Given the optimized ¢+, the optimal fi' is given by

(A5 o
Wm
Proof. Please refer to Appendix C.3 for the proof. ]

Once obtaining the optimized ¢ and f, we update Lagrangian multipliers, as follows

i+1
Wy =

K +
w;n + T (Z a/kmfk:m - f;nax)] y (421)
k=1

D F, *
AR [19@ + 7y (vﬁakm ( R: fk’“ ) - Tk)} : (4.22)

where 7, and 7y are the chosen step-sizes.

By optimizing c, f, and updating w, 9, we obtain the optimal ¢ and f. Then, we calculate

back b from c.
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4.3.2 Power Allocation

Given the user’s association a, data partition b, and computation resource allocation f, the

power allocation sub-problem is given by

K M
e In 26D
min Y Y HBmPr BiDe (4.23)
P NO)‘g
o BA® (52

kmPk

s.t. (4.5), (4.6b),

M

»1n28,D B
N 20Dk GenOiF e (4.23a)
m=1 B/\gq) ( Nog ) fkm

hform Pk

Problem (4.23) can be decomposed into K sub-problems. For ease of analysis, we introduce

the variable n, = }f\Lfo’\;k. The power allocation sub-problem for the k-th user is given by
km
In QBka:NO
min 4.24
me Bhig, ® (ne) 1 (424
In 26, D F
n 203y Dy, BiF < T, (4.24a)

S.T.
BA® () fom

_9rg®(ny)/In2 Bka In2
1 — 6(1 g ® )’Wk) i Sl o, 4.24b
( 7B () = 240)

No,
Me 2 7T —max 4.24c

In the following, we provide the optimal expression of 7 regarding the problem (4.24).

Theorem 4.4. The optimal ng in (4.24) is given by

i = mac {nlt, min {92 1} (4.25)

b Nodg  ubl _ g1 In 284 D fim ub2 _ -1 ( Beln2Dy =
where n;, = R e My = d By (T fr 50 ) and n, " = 0O Ty ) o1 (.) and

©~1 () are the inverse functions of ® (-) and © (-) (defined in (4.9)), respectively.
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Proof. Please refer to Appendix C.4 for the proof. 0
Then, we can reach the optimal p, by using py = h]\L[OA;k.

km'IRk

4.3.3 Users’ Association

We apply a deep neural network (DNN) to obtain user association schemes. The motivation
is two-fold: a) this achieves a low computational complexity by simply going through a
neural network model implemented in a real-time manner; b) we can enlarge and update
the training dataset to obtain the desired system performance. The inputs of the DNN are
the large-scale fading components h = {Ekm}, users’ data size D = { Dy}, and user latency

requirements T = {7} }, while the output of the DNN is the user association scheme.

We utilize a exploitation and exploration policy to generate the dataset. Specifically, given
h,D, T, we first obtain a user association scheme based on the nearest RSU association
scheme. Then, we develop one-step exploration, where we change the association scheme
of one of the K users while keeping other user associations the same. Since each user can
access the other M — 1 RSUs in the one-step exploration, there are Ny, = K (M — 1)
possible schemes in the whole one-step exploration. Next, /N,,, user association schemes are
generated with random exploration, where each user randomly selects one of M RSUs with
probability % Given each user association scheme, by optimizing b, f, and p, we select the
one with the lowest energy consumption from 1+ N, + N,q, schemes as the output of the

data pair.

In Fig. 4.3, we show the deep learning model for obtaining a in VEC systems. In the output
layer, we obtain the output values with the value range of [0, 1] by using Sigmoid functions.
Then, we obtain the binary output values by selecting the RSU with the maximum output

value for each user. Considering the difference of input values, we execute the data pre-
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Fig 4.2: Deep learning model for obtaining user association a in VEC systems.

processing procedure, including the integration and normalization methods, as shown in Fig.

eDk/(loﬁTk) 4

4.3. Specifically, for any k£ and m, we obtain x,, = 10log (T) by considering

Thm —min{x}

max{x}—min{x} to scale

the units of the variables. Then, we normalize the inputs based on
input values between 0 and 1. The numbers of neurons in the input and output layers are
equal to K M. After the training phase, we can use the trained DNN to calculate a for any

h,D,T.

4.3.4 Algorithm, Convergence and Complexity
Algorithm

Algorithm 2 shows an iterative algorithm for solving problem (4.6), where E* = E (b?, p’, f*)

represents the total energy consumption of users in the i-th iteration.
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Algorithm 2 Energy-efficient RSU-assisted VEC algorithm.

Require:
The tolerance €7, the maximum iteration number N;2%.

Ensure:

1: Given network conditions, obtain a with deep learning;

2: while i < N;5* do

3:  Updating iteration index i =i + 1;
With fixed p@~1), jointly optimize b() and f*) according to problem (4.7);
With fixed b® and f), optimize p(® in problem (4.23);
Obtain the objective value E (bi, p’, fi);
If (B! — E')/E" < egpj: Break; End If;
8: end while
9: return (a*,b*, p*, f*); The minimized total energy consumption of users E*.

Convergence

Algorithm 2 has theoretical guarantee of convergence which is shown as follows

E (bifl7 pifl, fifl) @ Eub (bifl7 pifl’ fifl)

® @ @
>Eu (blapl 7P)>E(bl>pl 7P)>E(bz7plafl)a

(4.26)
where £’ denotes the total energy consumption of users based on problem (4.11), (a) holds
since the first-order Taylor expansions in (4.10) is tight at given local points, (b) holds since
b’ and f' are jointly solved optimally in problem (4.11); (¢) holds since E“ is an upper
bound of E with b’ and f; (d) holds since p¥ is the optimal solution to problem (4.23).
Therefore, we have E (b'™!, p"~! £71) > F (b’, p, f). Since F is always positive, Algorithm

1 converges.

Complexity

Algorithm 2 incurs polynomial complexity in computation. The complexity to obtain a
by DNN is Cpy = lL:afers (nWnl=1 4+ n®) + KM, where n) is the number of neurons
including the bias unit in the [-th layer. To solve problem (4.7), the complexity of updating

c and f in (4.12) is O (K) due to the closed-form solutions based on Theorem 1. The
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Table 4.1: Default Parameters Setup

Parameter Value

K, M, pj** 10, 2, 0.5 W
Server’s computation capacity f7% 1 x 109 cycles/s

Data size Dy, [0.5,1.5] Mbits
Latency requirement T}, time slot 7' 500 ms, 1 ms

Bit and cycle conversion cp,.
User’s computation capacity fro

1 x 103 cycles/bit
2 x 109 cycles/s

Coefficients p, ¢ 1x107%7, 3
Threshold of outage time slots p, 250
Noise spectral density ng -80 dBm
Path loss exponent «, bandwidth B 3, 0.5 MHz

complexity of updating dual variables is O (K + M). The total complexity of problem (4.7)

is O (Nue (K + M)), where Nys denotes the number of iterations of problem (4.7).

To solve problem (4.23), denote the complexity of inverse functions ®~!(-) and ©7! (-) as

O <i> and O <é>, respectively. Since the solution to (4.24) is in closed-form, the total

complexity of problem (4.23) is O (Klog2 ( : ))

€1€2

The total complexity of Algorithm 2 is given by

0 (e (Nie 06+ 30) + K1og, () ) + o), (127)

€1€2

where Ny is the number of outer iterations of Algorithm 2.

4.4 Numerical Results and Discussions

In this section, numerical results are provided to assess the proposed algorithm for VEC
systems. Default parameter settings are shown in Table I. The length of the road is 200
m and the number of lanes is 4. RSUs are equally spaced beside the road. Users are
randomly distributed on the lanes. Given an average data size D,,. = 1 Mbits, user’s data

size randomly generated within [0.5D4e,1.5D,,¢|. For each setup, the result is averaged on
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Figure 4.3: Average users’ energy consumption versus fxo.

1,000 tests. The learning rate is 0.01 with decay rate 0.1. The number of samples is 2,048.
The number of neurons in hidden layer is 800. The size of mini-batch is 10. The number of

random exploration N,,, is 50.

In Fig. 4.3, we compare the total energy consumption of users, i.e., E, versus user’s compu-
tation capacity, i.e., fro, under various computing schemes. The developed energyefficient
computation offloading scheme saves much energy for users compared to the traditional local
computing scheme. Furthermore, it is observed that E increases with fiq due to the domi-
nated increased computation power consumption. Moreover, when fi, becomes large, it is

vital to offload computation tasks to edge servers to save users’ energy.

In Fig. 4.4, we compare the average energy consumption of users, versus the number of
users, under different methods. When K increases, users will consume more energy to ex-
ecute their computation tasks due to the reduced allocated computation resource for each

user. In addition, we compare the proposed deep learning method with other methods, in-
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Figure 4.4: Average users’ energy consumption versus K.

cluding exhaustive search, Lagrangian dual method [9], nearest RSU association, and random
RSU association. It shows that the proposed deep learning-assisted computation offloading
method approaches the optimal one (i.e., exhaustive search). Moreover, it achieves a smaller
E than the other three methods. This is because the DNN model can capture the rela-
tionships between input and output data pairs, and thus it gives a near-optimal solution.
Moreover, note that connecting to the nearest RSUs leads to reliable data rates, but the

system neglects the cooperation among edge servers for load balancing.

In Fig. 4.5, we examine the different algorithms in terms of E. Specifically, we compare
the proposed deep learning + joint b, p, f optimization (Opt) method (labeled as ‘DL-Opt’),
the deep learning + equal computation resource allocation (ECA) method (labeled as ‘DL-
ECA’), the Lagrangian dual + Opt method (labeled as ‘Lag-Opt’), the Lagrangian dual +
ECA method (labeled as ‘Lag-ECA’), the random RSU association + Opt method (labeled
as ‘Ran-Opt’), the random RSU association + ECA method (labeled as ‘Ran-ECA’). It is
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Figure 4.5: Average users’ energy consumption versus Dge.

observed that the proposed algorithm achieves the lowest energy consumption than other
algorithms, which demonstrates the advantage of this work. Note that connecting to the
nearest RSUs leads to reliable data rates, but the system neglects the cooperation among
edge servers with load balancing. Moreover, it is observed that the proposed optimization
algorithm saves much energy compared to the equal computation resource allocation algo-

rithm, which validates the significance of this work.

4.5 Summary

In this chapter, we developed a deep learning-assisted energy-efficient computation offload-
ing algorithm for VEC systems. The algorithm can solve the complex VEC problem and
find a sub-optimal solution in a real-time manner with low complexity. Simulation results

indicated the advantages of the proposed algorithm in substantially reducing users’ total
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energy consumption compared with other methods.



Chapter 5

UAV Swarm-Enabled Aerial

Reconfigurable Intelligent Surface

5.1 Introduction

Reconfigurable intelligent surface (RIS) has attracted significant attention in wireless net-
works, which is a planar surface comprising of a large number of low-cost passive reflect-
ing elements. It improves communication performance by achieving fine-grained reflection-
beamforming and reduces system energy consumption without requiring radio frequency
(RF) chains [10, 13]. Moreover, with the full-duplex mode in operation without the addition
of noise, RIS is more spectral-efficient than the conventional relay technology [11, 82, 83].
On the other hand, as a Kkiller application in wireless networks, unmanned aerial vehicles
(UAVs) can support various wireless services and are becoming more readily available nowa-
days [2, 84, 85, 86, 87]. UAVs have two main advantages, i.e., a) flexible placement and b)
reliable air-ground communication links. As such, UAVs can be quickly placed in hotspots

or during disasters to support reliable wireless communications.

Combining the above two promising technologies, i.e., RIS and UAVs, we can realize a new
paradigm of aerial RIS (ARIS) to achieve efficient three-dimensional (3D) signal reflection,
where RIS is mounted on a UAV. Compared to terrestrial RIS (TRIS), ARIS has the following

three main advantages. First, ARIS is not restricted to the 180° half-space reflection such

104
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as TRIS, but instead, it provides a 360° panoramic full-angle reflection [12]. Second, with
a UAV’s agility and mobility in 3D space, ARIS is more flexible in placement than TRIS.
Note that TRIS is usually placed on facades of a building or at a dedicated site requiring
excessive site rental fees. Third, The path loss exponent in air-ground communications is
usually smaller than that in terrestrial communications [35, 88]. Therefore, in most cases,
the signal attenuation in ARIS’s cascaded channel is usually smaller than that in TRIS’s
especially in the context of doubled path loss phenomena. To sum up, it is appealing from
a practical standpoint to investigate the combination of UAVs and RIS, which shows the
potential to improve system performance [89]. Although ARIS’s location can be adjusted
flexibly, there are some limitations for a single UAV-enabled ARIS in practical engineering.
For example, due to the UAV’s limited payload, ARIS usually has a restricted number of
reflecting elements to guarantee flight stability and flexibility. In addition, deploying a single
UAYV usually incurs a low-rank channel matrix due to the dominated line-of-sight (LoS) air-
ground connections. As a result, the significant aperture gain of a single UAV-enabled ARIS

would not be guaranteed.

Compared to ARIS, UAV swarm-enabled ARIS (SARIS) system has the following advan-
tages. First, SARIS increases the aperture gain by increasing the number of UAVs. Second,
SARIS guarantees UAV flight stability and flexibility by allowing moderate-sized RIS on each
UAV, especially under bad weather conditions or air turbulence. Third, SARIS supports spa-
tial multiplexing for a large number of users by providing a rich scattering environment with
different UAVS’ positions. Forth, with the reduced RIS size on each UAV, the production

cost of RIS can be decreased, and the flight time of the UAV can be prolonged.

In this chapter, we study a SARIS system, where multiple UAVs mounted with RIS assist
the downlink transmissions between a base station (BS) and ground users. The beamforming

and placement design for the SARIS system are investigated.
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5.1.1 Related Works

For reflection in the sky, the combination between UAVs and RIS were investigated in [90, 91,
92,93, 94, 95]. In general, these works fall into two categories. One is the TRIS-assisted UAV
communications [90, 91, 92|, and the other is the ARIS-assisted communications [93, 94, 95].
In [90], a joint UAV trajectory and TRIS passive beamforming design was investigated
to maximize the ground user’s average achievable rate. In [91], the authors leveraged the
decaying deep Q-network to minimize ground users’ energy consumption by jointly designing
the UAV movement, the TRIS phase shift, and power allocation policy. In [92], a UAV was
introduced to help the TRIS reflect its signals to the BS and enhance the UAV transmission

by passive beamforming at the TRIS.

For ARIS-assisted communications, the transmitter and the receivers are on the ground.
Thus, the channels (i.e., between transmitter and ARIS, and between ARIS to receivers)
are air-ground channels. Furthermore, ARIS’s position determines the array response in the
LoS passive signal reflections. In [93], the authors utilized ARIS to maximize the worst-case
signal-to-noise ratio (SNR) in a target area. However, the authors considered LoS air-ground
connections. The NLOS connections influenced by ARIS’s position were neglected. More-
over, the maximization of the worst-case SNR only considered the single-user beamforming.
In [94], the authors investigated the ARIS-assisted uplink secure communications by op-
timizing the UAV trajectory, the ARIS phase shift, user association, and transmit power.
However, ARIS’s altitude was fixed in [94], and the NLOS air-ground connections and mul-

tiple antennas at the BS were not considered.

On the other hand, ARIS placement design plays a critical role in ARIS-assisted communi-
cations due to the significant far-field doubled path loss [96, 97]. The ARIS placement was

studied in [93] where the ideal LoS air-ground channel was assumed. In [95], authors focused
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on the ARIS placement between fixed source and destination nodes. However, the random
spatial distributions of ground users need to be considered in performance evaluation. Note
that the existing works that integrated UAVs and RIS focused on single UAV networks. To
the best of our knowledge, the multiple UAV-enabled ARIS systems have not been inves-
tigated. The formed UAV swarm network facilitates an increased aperture gain in passive

signal reflections.

5.1.2 Contributions

The main contributions of our work are summarized in the following:

o SARIS Beamforming Design: A joint BS’s transmit beamforming and SARIS’s pas-
sive beamforming is designed. We aim to maximize the weighted sum-rate of ground
users in the SARIS-assisted downlink communication system, subject to the maximum
transmit power constraint and phase shift constraints. We utilize the alternating op-
timization technique to develop two beamforming schemes in SARIS systems, namely

multi-user beamforming and weighted Round-Robin (WRR) single-user beamforming.

o SARIS Placement Design: We model and analyze the 3D SARIS system by considering
the large-scale path loss and LoS/NLoS opportunistic connections. The randomness
and correlations of UAVs” and users’ positions are modeled by leveraging the tools from
stochastic geometry. Specifically, the conditional probability density functions (PDFs)
of the distance between the BS and a UAV, and the distance between a UAV and a
user are derived, respectively. Moreover, we obtain the average channel power gain for
an arbitrary user in SARIS-assisted downlink communication. The analytical model
reflects the trade-off between the doubled path loss and the excessive NLoS path loss

in the SARIS system, and the trade-off between the distance-dependent path loss and
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the excessive NLoS path loss.

o Network Design Insights: The analysis and simulation results provide network design
insights. First, the multi-user beamforming scheme achieves a 1-30% performance gain
compared to the WRR single-user beamforming scheme. However, the latter has a rel-
atively lower computational complexity than the former. Second, the analytical model
allows obtaining the optimal SARIS 3D position. With placement optimization, the
SARIS system achieves a 20-500% performance gain compared to the system without
placement optimization. Third, it is optimal to place SARIS above the BS when users
are relatively near the BS. However, it is optimal to place SARIS “between” the BS
and users when users are far from BS. Fourth, the channel estimation for NLoS com-
ponents can be ignored to reduce system overhead at the cost of slight performance

degradation.

5.1.3 Organization and Notations

The chapter is organized as follows. Chapter 5.2 presents the system model. Chapter 5.3
develops SARIS beamforming schemes. Chapter 5.4 derives an analytical framework for
SARIS placement design. Simulation results are discussed in Chapter 5.5. Chapter 5.6

concludes the chapter.

The notations used in this chapter are listed in the following. For any matrix A, Af, AT,
and AH denote the conjugate, the transpose, and the conjugate transpose of A, respectively.
For a square matrix B, B! denotes the inverse of B. For any vector x, ||x|| denotes the
Euclidean norm. For any complex number z, |z| and Re {z} denote the absolute value and

the real part of z, respectively. E {-} denotes statistical expectation.
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Fig. 5.1: An illustration of SARIS-assisted downlink communication system.

5.2 System Model

5.2.1 Network Layout

The network architecture is shown in Fig. 5.1. There are L ARIS forming a SARIS, and the
set of ARISs is denoted by ¥, = {1,2,--- ,L}. Each ARIS comprises of a uniform linear
array with N passive reflecting elements, separated by the distance d4 < A, where A is the
carrier wavelength. The horizontal position of the I-th ARIS is q; = [2%, y#]", where z¢ is
the coordinate of ARIS [ on the x-axis and y;* is the coordinate of ARIS [ on the y-axis. In
this chapter, we consider the first reflection element of the AIRS as its reference point. The
altitude of the SARIS is denoted by H. Considering the random locations of UAVs in a UAV

swarm, we assume that the L ARISs are uniformly distributed in a circular region with the

radius of R4. The coordinate of the center of SARIS on the x-axis is denoted by z 4.

The BS is equipped with M antennas, and each antenna is separated by the distance dg < A.
The BS is located at the origin of a 3D Cartesian coordinate system. The maximum allowable

transmit power at the BS is P.c. The distance between the BS and the [-th ARIS is given
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a8 = Nl + 52 = /(@) + (p)* + H>. (5.1)

There are K single-antenna users randomly distributed in a ground circular region with the

radius of Ry. The set of users is denoted by Wy = {1,2,---, K'}. The horizontal position

. T . . . .
of the k-th user is u, = [z}, y}] ", where x} is the user’s coordinate on x-axis and y}' is the

user’s coordinate on y-axis. The distance between the I-th ARIS and the k-th user is given

by

diy, = \/qu —w|?+ H2= \/(wg — )’ (g —y) + H2 (5.2)

5.2.2 Channel Model

Let ¢ denote the zenith angle of arrival (AoA) of the signal transmitted from the BS to the
[-th ARIS, i.e., the angle between the wave propagation direction and the positive z-axis, as
illustrated in Fig. 5.1. Let n7 denote the azimuth AoA of the signal transmitted from the BS
to the [-th ARIS, i.e., the angle between the horizontal projection of the wave propagation
direction and the positive x-axis. Thus, the receive array response for the I-th ARIS is given
by

ot = [1,6_jzﬁdTAaﬁ7 o ,e_jzww_ndquﬁ]T, (5.3)
where EIR = sin (¢ff) cos (nff) = ;—é , and d is given in (5.1).
l

Let ¢P denote the zenith angle of departure (AoD) of the signal transmitted from the BS to
the [-th ARIS, as illustrated in Fig. 5.1, and we have sin (cle) = COoS ((blR). The departure

array response for the [-th ARIS is given by
af = [Leom e ’e—ﬂﬂ(M—l)dfqﬂT, (5.4)

where alD = sin (¢f) = cos (¢ff) = %, and dZ is given in (5.1).
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Denote the channel matrix between the BS and the [-th ARIS by G; € CM*M and we have

G = \/BF | \/pLesPISGI* + 1/ inpos P25 G-
N / N ~~ 7 N ~~ s

(5.5)
Path loss LoS component NLoS component
= /B o5 PR GLS \/ BS pinpos P08 GNLoS
where 3¢ = ||ql”€0+ = = ($?)2+€;?)2+H2 is the large-scale distance-dependent path loss be-

tween the BS and the [-th ARIS, 3y denotes the path loss at the reference distance, uy.s and
[INLos Tepresent the excessive path loss in LoS and NLoS connections, respectively, since the
signal attenuation in NLoS path is more severe than that in LoS path due to reflection, ab-

sorption, diffraction, and scattering. Moreover, IP’{“OS is the probability of the LoS connection

between the BS and the I-th ARIS, which can be expressed as [35]

1
PLoS — , 5.6
: 1+ ngexp (= (9 — 1a)) (5.6)

where 7, and m, are constant values depending on the communications environment, e.g.
rural, urban, or dense urban. In addition, the probability of the NLoS connection between the
BS and the [-th ARIS is given by PN8 = 1—PLS_ Note that both LoS and NLoS connections
may exist in the air-ground propagation. We use the probabilities of occurrence of LoS and
NLoS connections to obtain a spatial expectation of the path loss given a common elevation
angle. Furthermore, in (5.5), G5 is the channel matrix for LoS connection between the BS
and the I-th ARIS, which is given by GF*S = ¢ ﬁaﬁ (aP )H where af* and af” are given
in (5.3) and (5.4), respectively. GN°% is the channel matrix for NLoS connection between
the BS and the [-th ARIS, which has i.i.d. circularly symmetric complex Gaussian (CSCG)
entries with zero mean and unit variance. This accounts for the small-scale fading which is
assumed to be Rayleigh fading. In addition, the longer delay in NLoS path incurs a phase
shift of the signal. When multiple independent NLoS signal paths combine at the receiver,

the CSCG distribution captures the random phase shift. Note that G; in (5.5) consists of
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the large-scale path loss, deterministic LoS component, uncertain NLoS component, and the

occurrence probabilities of LoS and NLoS connections.

For the communication link between the [-th ARIS and the k-th user, let (bf  denote the
zenith AoD of the signal and nf . denote the azimuth AoD of the signal. Then, the reflect

array response at the [-th ARIS is given by

_ — T
af — [Leﬂw%‘qﬁﬂ’ . 7€j2”(N_1)dTA¢fk] , (5.7)

where g_ble = sin (¢f},) cos (nf},) = QJZT‘(BE, and dP, is given in (5.2).
) I k) l,k k)

Let hj}, € CY be the channel matrix between the [-th ARIS and the k-th user, and we

have
H _ h LoS1. LoS NLoS1, NLoS
h;), = \//Bl,k \/ PLosPr hyy” 4/ pinvos Py hy g
\/-/ ~ "~ - ~ "~ - (58)
Path loss LoS component NLoS component
_ h oS}, LoS h NLoS7,NLoS
=/ ﬂl,kﬂLoSR,g hl,k + \/ﬁz,kNNLos]P)l,ko hl,k )
h _ Bo _ Bo : :
where = = is the large-scale distance-dependent path
ﬁ”“ o —ug||*+H? (xg—xg)2+(y7—yg)2+H2 & P P

loss between the [-th ARIS and the k-th user, and IP’%,‘;S is the probability of the LoS connec-

tion between the [-th ARIS and the k-th user, which is given by

1
Py = : 5.9
Y Tt meexp (< (5 — 0y — 1)) (5.9)
The probability of the NLoS connection between the [-th ARIS and the k-th user is expressed
as IP’%\%OS =1- IP’%,‘C’S. The channel matrix for the LoS connection in (5.8) is given by

hieS = eI (af )H, while each element in h}}-°5 for the NLoS connection follows the

CSCG distribution with zero mean and unit variance, i.e., h%\%?ls ~CN (0,1).

The phase shift matrix of the [-th ARIS is ; = \/nrdiag [0,1,- - , 0, n], which is a diagonal
matrix, where 1 indicates the reflection efficiency and 6;,, = e/¢n (¢, € [0, 27]) [93, 98, 99].

The adopted RIS model assumes that each reflecting element individually alters the phase
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shift of the impinging electromagnetic wave. Other theoretical RIS models for wireless
communications, such as the physics-based model and impedance network-based model [98],

could also be integrated into SARIS systems.

5.2.3 Problem Formulation

Denote the data symbol for the k-th user by sx. The transmitted signal at the BS is given
by

K
X = Zwksk, (5.10)
k=1

(CM><1

where wy, € is the transmit beamforming for the k-th user at the BS. The received

signal at the k-th user is given by

L
Y = Zhﬁk ZGZX + ng, (5.11)

=1

where y, € CY*! ng ~ CN (0, 0¢?) is the additive white Gaussian noise at the k-th user with
the variance 0%, The signal-to-interference-plus-noise ratio (SINR) of the k-th user is given

by

2

L
H
> by 1 Giw
- =1
Ve = D)

K L
Z Z h?k 1Giw;
=1

i=1,i#k
2
—H

+O’02

(5.12)

K H 2 ’
> ‘hk wi| + 0p?
i=T,itk

—n & —H
where hy, = >~ hj}, ;G and h;, € C*M.
=1
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The users’ weighted sum-rate maximization problem in SARIS system is shown as follows

K
Iax ;wk log (1 + &) (5.13)
s.t. 0, € F, VI, Vn, (5.13a)
K
> I will® < Paass (5.13)
k=1
where W = [wy, Wy, -, wg] € CMXE = Dview,» Q = {di}viey,» Wi is the weight for

the k-th user, and F = {e?|0 < ¢ < 27}. Note that in (5.13) beamforming provides the
aperture gain and the SARIS placement impacts the large-scale fading. In the following, we

study the beamforming and placement design for SARIS systems.

5.3 SARIS Beamforming Design

In this section, we utilize the alternating optimization approach to obtain the transmit

beamforming at the BS and the passive beamforming at SARIS in downlink communications.

5.3.1 Problem Transformation

Based on [100], we can reformulate the problem (5.13) by introducing the auxiliary variables

T
o= |ag,a,- - ,ak], as follows

K

Inax ; wg log (1 + ay) (5.14)

s.t. (M13a), (M13b),

(073 < Yk VEk. (514&)
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Problem (5.14) can be thought of as an outer optimization of {W, } and an inner optimiza-
tion of ax given fixed {W, }. Since the inner problem is a convex problem over a, the strong

duality holds and it is equivalent to its dual problem as follows

m}%n max L (A, o)

where (5.15)
K K
LA o)=Y wlog(l+a)— Y A(or—7)
k=1 k=1
is the Lagrangian function and XA = [A;, Ag, -+, Ag] " is the dual variable. Let (A*,a*) be

the saddle point of (5.15). We have aj = 7, and A} 8L()‘ o —

- 1+a = 1—1—7 )
and w = 0, respectively. Substituting A into L (A, &) and combining with the outer
k

optimization for {W, }, we have the reformulated objective function as follows

K
w + «
fiW, ,a) = g wilog (14 ag) — E Wk + E: : 1+fyk ’ (5.16)
k
k=1

where of = 7, Vk. For a fixed o, optimizing W and is equivalent to the following problem

Wik
5.17
max Z Tt (5.17)
s.t. (5.13a), (5.13b), (5.17a)

where w, = wy (1 + ay). Next, we apply the block coordinate method to optimize W and .
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5.3.2 Transmit Beamforming

Given a fixed , the transmit beamforming problem is given by
2

max Z (5.18)

Wl' + 0'02

s.t. (5.13). (5.18a)

Note that (5.18) is a multiple-ratio fractional programming problem. We utilize the quadratic

transform proposed in [101] to reformulate the problem as

K
max fo(W.38) = Z (2\/(,_‘1,c Re {ﬂﬁgwk} |ﬁk ( ‘hkwZ + 09 >> (5.19)
k=1 =1
s.t. (5.13b). (5.19a)
where 3 = [f1, 52, -, BK]T is a vector containing auxiliary variables. Considering that

(5.19) is a biconvex optimization problem, we alternatively update W and 3.

It can be observed that for a given W, the optimal 3 is given by.

—H
Vi h, w
vk,
+0'02

b= % (5.20)

Wz

For a given 3, optimization problem for W is given by

K K - 9
w3 (19 (R

s.t. (5.13b). (5.21a)

+ 0—02) — 2/w; Re {5,iﬁfwk}> (5.21)

Problem (5.21) is a convex function. We use the Lagrangian dual method to obtain the
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optimal W. The Lagrangian function of (5.21) is given by

K
L(W,pup) = Z <|ﬁk]2 (Z ‘H?Wi i + 002> —2y/w;, Re {ﬁlﬁlk{wk}>
i=1

k=1

K
+ Hp (Z Hwk||2 - Pmax) )

k=1

(5.22)

where pp is the dual variable for the power constraint. Based on (5.22), the dual problem

of (5.21) is given by

max min L (W, up) (5.23)
up W
s.t. up = 0. (5.23a)

Regarding the dual problem (5.23), given a up, the optimal wy is obtained by letting

5 = 0, and we have
Wi

K —1
_ _H p—
Wy = /Wi Bk (MPIM + E |8iI’h;h; > hy, (5.24)
=1

where I, denotes the M x M identity matrix. The updating procedure for pp is given by

_l’_

tw+l

Hp (5.25)

Y

K
HE 4 Ap (Z [wil|* — Pmax)
k=1

where p'y denotes the value of pp in the t,-th iteration in the optimization of W, and \p

is the updating step-size.

Based on (5.20), (5.24) and (5.25), we can obtain the optimal W.
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5.3.3 Passive Beamforming

Given fixed W, the passive beamforming problem is given by

2

Z 0;'Vikk
] (5.26)

+UQ2

K Wi

a3

L
Z Vik

s.t. (5.13a), (5.26a)

where 6, = [0, 1, - - - ,917N]H € CN* and vy .; = /Mrdiag (h}{k) G,w; € CN*1_ Furthermore,

(5.26) can be expressed as

K H
max Z i€V (5.27)

s.t. (5.13a), (5.27a)
where 8 = vec (5) € CNLx1 g = [0y, ,01] € CV*L vec(-) denotes the vectorization
manipulation, v, ; = vec (Vi;) € CN! and Vi, = [Vigs, -+, Vigd € CV5

Note that (5.27) is a multiple-ratio fractional programming problem. Based on the quadratic

transform, we reformulate the problem (5.27) as follows

K

max fg 0 (5 Z (2\/_Re{5T0HVk;k} |5k (Z ‘HHVk | + 0y )) (528)

=1

s.t. (5.13a), (5.28a)

where & = [61, -+ ,0x]" consists of auxiliary variables.
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It can be observed from (5.28) that for a given 6, the optimal § is obtained by

K (5.29)
> 10y ,| + 00?
=1
For a given &, the problem for 8 is expressed as
max — 0"A0 +2Re{0"b} +c (5.30)
s.t. (5.13a), (5.30a)

K K K K
where A = Y |65 Y v il € CVPNL b = S idlvy € CVEXL and ¢ = — Y |65 002.
k=1 =1 k=1 k=1

In the following, we iteratively optimize one of the NL reflection coefficients in @ while
keeping others fixed. With some linear manipulations, the subproblem for optimizing the

n-th element in @, i.e., 0,,, is given by

NL
max — 0" A, .0, +2Re {ngn - > QLAW-QJ} (5.31)
" j=1,j#n
st. g, € F, (5.31a)

where A,,,, denotes the n-th row and m-th column element in A, b,, is the n-th element in

b. It can be derived that the optimal 8, is given by

NL
0, = exp (jélw—”‘) ,where w,, = b,, — E An,ij- (5.32)
W, N
Jj=1j#n

Based on (5.32), we can optimize all the reflection coefficients in SARIS iteratively. Note
that this iterative updating method guarantees convergence and has a relatively low complex-
ity compared to the conventional semidefinite relaxation (SDR) method [96]. Specifically,
updating (5.32) has the complexity of O (NL), and the complexity of overall updating is
O (N2L?). However, the complexity of SDR method is O (N°LS).
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Complexity: We use bid-O notation to represent the computational complexity of the AO
method. The computational complexity of updating 8 is O (K NLM). Since updating wy,
requires the matrix inversion, the computational complexity of updating wy, is O (K M?31I,,),
where [y, is the number of iterations for updating w;. Moreover, the computational com-
plexity of updating d is O (KNLM). The complexity for obtaining ¢ is O (NL). Since
we need to solve all the reflecting elements, the computational complexity of updating @ is
O (N2L2Ig), where Iy is the iteration number of updating 8. The total complexity of the
AO method is O (Iy (2KNLM + KM?3I,, + N?L*I)), where I is the number of iterations.

Convergence: denote f; (W' t o) as the objective function in (M14) at the ¢-th iteration.

Then, we have
fl (Wta t7at> S fl (Wt+17 t7at> S fl (Wt+17 H—l)at) S .fl (Wt+1a t+17at+1) ) (533)

since we optimize the block in each subproblem. Due to the maximum allowable power

constraint, the users’ SINRs are bounded. Thus, f; (W? * o) converges when ¢ increases.

Optimality: Given a fixed , the subproblem (M17) for optimizing the variables W and 3 is
a biconvex optimization problem, and each of variables is uniquely and optimally obtained.
Since the function fo (W, 3) is bounded from above and continuous, and the set of W is a
compact set, the obtained solution (W*, 3") is a partial optimum [102]. Similarly, given a
fixed W, (8*,8") is a partial optimum for the subproblem (M26). Moreover, since W* and
* are uniquely attained in the subproblems, respectively, the converged solution (W*, *) is

suboptimal and stationary [103].

5.3.4 Single-User Beamforming in SARIS Systems

In this subsection, we develop a WRR single-user beamforming scheme for SARIS systems.

The single-user beamforming has closed-form solutions and achieves a low computational
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complexity.
In a single-user case, the transmitted signal for the k-th user at the BS is given by
Xk =/ PraxWkSk, (5.34)

where wj, € CM*! is the transmit beamforming for the k-th user at the BS. For the k-th

user, the optimization problem of wj and is given by

max ‘hk Wi (5.35)
s.t. (5.13a), (5.35a)
[wil® <1, (5.35b)
—H L
where hk = Z hEk lGl-
=1
The optimal transmit beamforming for the k-th user is given by
L
= Z 1y g
=1
L , (5.36)

which is obtained by maximum ratio transmission (MRT) precoding. In addition, the passive

1 1G

beamforming problem is given by

max }QHXMC ‘2 (5.37)

st. 10, =1, vne{l,--- ,NL}, (5.37a)

To solve (5.37), we iteratively optimize one of the N L reflection coefficients in 8 while keeping

others fixed. Thus, the optimal n-th phase shift on the [-th ARIS is given by

10 = xp (20 = £ (Ml Wi)) = exp (00 = £ (hij) = £ (1 wr)) (5.38)
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where ¢y = £ (QHXM) is a constant, hy, , € C*! is the n-th element of hf}, g}, € C*M is

the n-th row of Gy.

Based on (5.36) and (5.38), we can obtain the optimal W and . Moreover, the users are
scheduled based on the WRR policy, where the weight is wy for the k-th user. Note that
updating (5.38) has the complexity of O (M), and we need to solve NL times for all the
N L reflection coefficients in 8. Thus, the overall complexity of updating is O (M NL). In
addition, updating W is based on a closed-form solution, which has relatively low complexity

compared to the iterative methods for multi-user beamforming.

5.4 SARIS Placement Design

In the previous section, we study two beamforming schemes for the SARIS system given the
air-ground channel conditions. In practical engineering, the SARIS placement problem is
also significant in the system design, which involves large-scale fading and thus transmission
distance distributions. In this section, we develop a theoretical framework to analyze the
impact of SARIS placement and nodes distributions on the overall system performance. The
closed-form beamforming strategies in the previous section will be used to derive the average

channel power gain for an arbitrary user in SARIS systems.

5.4.1 Intermediate Results

In this subsection, we obtain some intermediate results that will be used to derive the average
channel power gain for an arbitrary user in the SARIS-assisted downlink communication

system.

We consider a scenario that SARIS is placed to serve ground users in a circular region,
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as shown in Fig. 5.2. Users could be located in hotspots or disaster regions, whereas the
direct links between the BS and users are blocked due to obstacles. We utilize a Poisson
cluster process (PCP) to model the spatial distribution of users. The average number of
users is denoted by ny. In this chapter, we consider Matérn cluster process, which assumes
symmetric uniform spatial distribution of users around a cluster center within a circular disc

of radius Ry. The PDF of each user is given by

L if |lul| <R
fo(a)=q ™ el " (5.39)

0, otherwise

where u is a realization of random vector U. As shown in Fig. 5.2, the coordinate of the

users’ cluster center is denoted by ¢y (zy, 0,0), where xy is the distance between the BS and

Cy.

Considering that a UAV swarm usually has a dynamic network topology and sometimes

without flight formation, we use random spatial models to capture UAV locations. The

PDF of each UAV is given by

L if |la|| <R
fala)=4 ™ Jall s fea (5.40)

0, otherwise

where a is a realization of random vector A, and R, is UAV swarm radius. The SARIS
coordinate on the x-axis is denoted by c4 (24, 0,0), where x4 is the distance between the BS

and cy4.

Lemma 5.1. Given the distance between the BS and SARIS coordinate on x-axis, i.e., T4,

and the SARIS flight height H, the conditional PDF of the distance between the BS and an



124 CHAPTER 5. UAV SWARM-ENABLED AERIAL RECONFIGURABLE INTELLIGENT SURFACE

SARIS
Z
i R e K
;.‘ﬁ; Cluster center“ ‘%
= ' Tl
| SN
e LT e
i PN
P
/’r/ : Tl n)? 2
> = I ~~Lo=y(li,) +H
=(%,) +HZ-~ ! : <Y
i H | e
: i U L
| | =S Py
I Lo == o /
¢, (x,0,0) | P /e, (%,,0,0)
=" - v
S f
R o / i 7;/ Cluster center X
Base station ;;,“\«»\ ““““ e T
54 -2
4y (xa,ya,O) Ground users

Fig 5.2: An illustration of SARIS 3D coordinate system.

arbitrary ARIS, i.e., lpa, is given by

21
Jrpa (Ipalwa, H) = RLA?Q <93A7 Viga® — H2,RA) ;

TiiA

2 12 2
where € (a, b, ¢) = arccos LR , (5.41)
2ab

\/(maX{O,a:A — RA})2 + H? <lpa < \/(l’A + RA)2 + H2.
Proof. Please refer to Appendix D.1 for the proof. O

Lemma 5.2. Given the distance between the projection of the SARIS coordinate on the
ground and the users’ cluster center, i.e., xay = vy — x4, and the SARIS flight height H,
the conditional PDF of the distance between an arbitrary ARIS and an arbitrary user, i.e.,

lay, is given by

if vay = Ry, then

Al gy zav+Ru
fLAU(lAU|xA7H):W/ J]Q (CL’,MZZU—H%RA)Q([EU—[L’A7[E,RU)dI7
A U T

Aav—Ru

where \/(wav — (Ra+ Ro))* + H2 < Ly < \/ (wav + Ra+ Ry)* + H2,
(5.42)
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and if Ty < Ry, then

Al gy Ry—zau 5
fLAU(lAleA’H):m/O x€) <I,\/ZAU—H2,RA)CL’E

R (5.43)
Aav /W+U Q( V12 H2R>Q( Ry)d
+—— x x, - , Ty — Ta,x, x,
T RAZR Jry—ons AU A U A U
where H <l < \/(xAU + R4+ RU)2 + HZ2.
Proof. Please refer to Appendix D.2 for the proof. O

5.4.2 Performance Evaluation

For ease of analysis, we consider the single-user case in the SARIS system for performance
evaluation. The approximate absolute value of the k-th user’s cascaded channel is given by

L
Z h}?k 1Giwy, Z Z hl k nel ngEan
=1

=1 n=1

L N
Z thknez Wl Wi = szwhw Ea
=1 n=1

=1 |n=

~

N

L N
ZZ ViR T glowi = S0 ViRt Y el wi
n=1

S

) L 5.44
<2 TAUZHg | vl >4
oL N M ZGl Ty,
=D VIR Y TP

=1 n=1 m=1 lk lGl

VIRY[ TPANVM,

Mh

l

where T/} = /8% (\/ frosPR> + \/ MNLOSPNL°S> :
T4 =/BF (\/ fiLosPrS + \/ NNLOSP%\ILOS> :

1




126 CHAPTER 5. UAV SWARM-ENABLED AERIAL RECONFIGURABLE INTELLIGENT SURFACE

In (5.44), (a) is obtained based on (5.8) where hj, = {‘h}{kn’ ejwz} o Denote Jj° =
n=1,--,
\/ ﬁll"k,uLoSIP’%zS and J}kaOS = \/ 511?k/lNLoS]P)?%OS- Specifically, we have |h}{kn| < |Jllj\1kL°Shka’fls| +
Li2m(gh (1) dadF .
’ JEeSe 7% (dhet(n=1dadfi)|  GSince E,, | JRLoShNEeS| = JNLOSE [hNEoS| > JNLeS and the modu-

)e—j%(d}fﬁ(n—l)m’sfk)

lus value =1, we have |hf} | ~ IS+ I8, (b) follows the Cauchy—

Schwarz inequality. Moreover, (c) is obtained based on (5.5), where G, = {|Gl,n,m| eng»m}

forn=1,--- N, m=1,--+, M and |Grnm| = /BE prosPr°++/BE tinrosPN%. The trans-

mit beamforming wy, is obtained based on (5.36) for the k-th user.
The average channel power gain for an arbitrary user in SARIS systems is given by

2 2

(a) L
E <ES D VirYWYPANVM
=1

L
H

E hz,k 1Giw,

=1

= ’)’/RL2N2ME\I!A,\IJU {|Tfk[1]TZBA{2} )

=nrL*N*MEy , v, {@h B0 <,U/LOSP}?ES + pinLosPLR® + 2\/ 1LoSPLR> NLosP) °S>

’ (MLOSPZLOS + MNLOSIP%\ILOS + 2\/MLOSPILOSMNL05P?1LOS> }

(b) O O O O
~nrL*N°’MEy, v, {ﬁzhk (/’LLOSPIIij + MNLOSP%\% S) BE (,U‘LOSPZL S+ fiNLosP) S)}

_ pL2N?ME { B0 tires + pinrosé (Lavry H) pires + pinrosé (Ipa, H) }
© . [ IR (5.45)
%nRL N Mﬁ() 4 ) fLBA(lBA,xAvH)fLAU(lAU|‘TA=H)

iy Jom

(HLos + pnvosé (Lav, H)) (pros + pinvosé (Ipa, H))
. dlpadlav

Plia (1 +&(law, H)) (14 & (Ipa, H))

where

e = \/(max 0,2y — x4 — (Ra + Rp)))* + H2,

LA = \/(a:U — x4+ Ra+ Ry)’ + H?,

s — [ (max (0,24 — Ra))® + B2, 1335 = /(2 + Ra)® + H2,

1 H
¢ (lav, H) = ng exp (—77b (@ arcsin <—> — na)> )
™ lav
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Note that fr,, (Iga|za, H) and fr,, (lay| x4, H) in (5.45) are given in Lemma 1 and Lemma
2, respectively. Specifically, (a) in (5.45) is obtained based on (5.44), (b) is derived by
neglecting the root-related term since these are relatively small compared to other terms,
and (c) is characterized by assuming the independence of ¥, and ¥y. It is worth noting
that in (5.45), there exist two trade-offs in the large-scale fading resulted from the placement
of SARIS. One is the trade-off between the doubled path loss and the excessive NLoS path
loss. The other is the trade-off between the distance-dependent path loss and the excessive

NLoS path loss.

Based on the above analysis, the optimal SARIS 3D position can be obtained by solving the

following problem

2

L
max E ;hlﬁ‘k 1Giwy, (5.46)
s.t. 0 < xq < 2y, (5.46a)
Hmin < H < Hmax, (546b)

where H;, and H,.. denote the minimum and maximum allowable SARIS flight height,
respectively. Note that in (5.46), we can set the discrete feasible values for x4 and H to
reduce the feasible region while achieving a desired performance. Note that in (5.46), we
optimize the 3D position of SARIS cluster center for analytical tractability. The randomness
in the cascaded large-scale fading, due to the random locations of ARISs in UAV swarm and

users, is averaged in the objective function of (5.46).
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Fig 5.3: Simulation setup.

5.5 Simulation Results and Discussion

In this section, we do simulations to verify our analysis and evaluate the performance of the
SARIS system. The simulation setup is shown in Fig. 5.3. We consider that the SARIS-
assisted downlink transmissions from the BS to the ground users. The default parameters
are given by M = 16, N = 20, Py., = 1 W. We consider the dense urban environment [35],
where n, = 12.1190, n, = 0.5137, pr.s = 0.6918, pr,s = 0.005. Simulation results are
averaged over 100 experiments. The noise power is -80 dBm [13]. We set equal weights
for all users. Other parameters are set as follows: R4 = 10 m, Ry = 100 m, 5y, = —30
dB, Hpin = 10 m, Hppe = 200 my A = 0.1 m, dy = dg = A\/2, ng = 0.9, unless specified

otherwise.

In Fig. 5.4, Fig. 5.5, Fig. 5.6, and Fig. 5.7, the user’s average channel power gains are
shown versus the x-axis and z-axis of the SARIS’s center under xy = 200 m, xy = 400 m,
xy = 600 m, and zy = 1000 m, respectively. The BS’s position is (0,0,0). The analytical
results are obtained based on Section IV, and the simulation results are obtained based on

Monte Carlo simulations. It is observed that the derived analytical results well approximate
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(a) Analytical results. (b) Monte Carlo simulation results.

Fig 5.4: Average channel power gain versus SARIS 3D position (analysis (left) and simulation
(right)), where xy = 200 m.

the simulation results. In addition, there exists an optimal 3D position for SARIS given a
zy. When xy is small, e.g., xy = 200 m, it is optimal to place SARIS between the BS and
users. When zy is large, e.g., xy = 1000 m, it is optimal to place SARIS above the BS.
Intuitively, if SARIS is close to the BS or user, the doubled path loss is minimized, but the
excessive path loss originated from NLoS connections becomes severe. Moreover, SARIS’s
higher altitude makes it easy to establish LoS connections between SARIS and BS/user,
whereas this leads to an increased signal attenuation due to the increase of communication
distance. Therefore, in SARIS placement, there is a trade-off between doubled path loss and
excessive path loss. Furthermore, there is also a trade-off between distance-dependent path
loss and NLoS probability, which is mainly due to the SARIS flight height. As such, SARIS
placement is different from TRIS placement, where TRIS’s optimal placement is to place
the TRIS close to the BS or user. This is because the product of two path-loss models in

negative exponential form.

In Fig. 5.8, we examine the weighted sum-rate versus zy in the SARIS system with and

without placement optimization, where K = 4, M = 8, L = 10. We evaluate the perfor-
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Fig 5.5: Average channel power gain versus SARIS 3D position (analysis (left) and simulation
(right)), where xy = 400 m.

mance of the SARIS system with the following algorithms:

Scheme 1: Multi-user beamforming scheme in Section III.

Scheme 2: Weighted round-robin beamforming scheme in Section III-D.

Analysis: Analytical results in Section IV-B with the SARIS placement optimization.
Random phase shifts: Random phase shifts at SARIS and WMMSE transmit beamform-
ing at the BS [104].

WMMSE+SDR: WMMSE transmit beamforming at the BS and SDR technique for SARIS
passive beamforming [96].

Ground RIS: Multi-user beamforming scheme in Section III, where RIS is near to the

ground at the height of 10 m above the users.

The SARIS placement optimization is based on Section IV. In the case without SARIS place-
ment optimization, we suppose that SARIS is at the altitude of % above the ground
users. Fig. 5.8 shows that the weighted sum-rate is significantly improved by optimizing
SARIS placement. The weighted sum-rate improvement by optimizing the SARIS placement

is notable when x; becomes large, since the impacts of doubled path loss and excessive path
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Fig 5.6: Average channel power gain versus SARIS 3D position (analysis (left) and simulation
(right)), where zy; = 600 m.

loss on the system performance are obvious. Moreover, Fig. 5.8 shows that the weighted
sum-rate decreases with xy since the communication distance increases. Note that the per-
formance gap between scheme 1 and scheme 2 decreases with xy. This is because when xy;
is large, the impact of path loss dominates the impact of beamforming gain on the system

performance.

Regarding the beamforming algorithms, scheme 1 outperforms scheme 2, while scheme 2
achieves the closed-form solution which is tractable in calculation, and thus there is a trade-
off between system performance and algorithmic complexity. Furthermore, it is observed
that the performance of scheme 1 and scheme 2 are close when the SARIS placement is
not optimized. As shown in Fig. 5.8, the analytical result in Section IV-B serves as an
upper bound for scheme 2, which validates our analysis. As such, the analytical result can
be used to evaluate the SARIS performance and determine the near optimal placement. In
addition, for multi-user beamforming, the introduced scheme 2 achieves almost the same
performance with the algorithm of WMMSE+SDR. However, the former has a lower algo-

rithmic complexity. Last but not least, compared to the ground RIS, the SARIS system
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Fig 5.7: Average channel power gain versus SARIS 3D position (analysis (left) and simulation
(right)), where zy = 1000 m.

achieves significant weighted sum-rate improvement, which demonstrates the advantages of

the introduced SARIS system.

In Fig. 5.9, we compare the weighted sum-rate versus R4 under different P,,,,, where SARIS
placement is optimized, xy = 400 m, and L = 10. It is observed that the weighted sum-rate
decreases with R,4. This is because the UAV swarm center is optimized in 3D space, and
UAV’s apparent deviation from the optimal position will impact the system performance.
Thus, we have a design insight of reducing R4 in SARIS. In addition, one can increase P«
with scheme 1 to achieve the same weighted sum-rate with scheme 2. In this way, the system
performance and algorithmic complexity are guaranteed with the cost of increased energy

consumption at the BS.

In Fig. 5.10, we evaluate the weighted sum-rate versus the number of UAVs L, where
K =4, M =8, zy = 400 m. It is observed that the SARIS placement optimization plays
a significant role in the system performance, which dominates the beamforming strategy.
Furthermore, when L is large, the performance gap between scheme 1 and scheme 2 increases

due to the increased aperture gain for multi-user spatial multiplexing. In Fig. 5.10, it is
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Fig 5.8: Weighted sum-rate versus Xy with and without placement optimization, where
K=4 M=28, L=10.

shown that under random phase shifts, although the SARIS placement is optimized enjoying
a high probability of having LoS links, the weighted sum-rate is still undesirable compared
to other schemes. This is because the random phase shifts incur severe mutual interference

among users.

In Fig. 5.11, we examine the weighted sum-rate versus N, where the SARIS placement is
optimized. It is observed that the weighted sum-rate increases with N, since a larger N
provides a better aperture gain. Moreover, the increasing rate of the weighted sum-rate

decreases with N, due to the logarithmic rate function.

In Fig. 5.12, we compare the impact of different channel state information (CSI) for SARIS
system, where the SARIS placement is optimized, K = 4, M = 8, zy = 400 m. We
simulate the full CSI-based optimization and the LoS CSI-based optimization. The latter

only considers the path loss and the LoS component determined by each ARIS’s position,
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Fig 5.9: Weighted sum-rate versus R4 with placement optimization, where zy = 400 m,
L =10.

and the NLoS component is omitted. It is observed from Fig. 5.12 that the performance
has not decreased much when shifting from full CSI-based optimization to LoS CSI-based
optimization. This is because the phase shifts of LoS components dominate that of NLoS
components when SARIS placement is optimized. On the one hand, the NLoS probability is
small given an optimized SARIS 3D position. On the other hand, the excessive NLoS path
loss reduces the signal power strength of NLoS components. Therefore, we can utilize the
ARISs’ positions in the beamforming design and omit the channel estimation for small-scale
fading, which reduces the system overhead. Moreover, to estimate the ARISs’ positions,
we can select a UAV leader to measure and store the mutual distances and directions from
other UAVs to the UAV leader. As such, the UAVs’ positions in the UAV swarm could
be calculated based on the UAV leader’s position. The estimation of signal parameters
via rotational invariance techniques (ESPRIT) can be used to estimate the UAV leader’s

position [105]. In this way, the channel estimation overhead can be further reduced, where
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only the UAV leader’s position needs to be measured.

5.6 Summary

We model and analyze a UAV swarm-enabled aerial reconfigurable intelligent surface (SARIS)
system. Specifically, we consider a multi-user MISO system where SARIS is placed to as-
sist the downlink transmissions for ground users. We introduce two beamforming schemes,
namely multi-user beamforming and weighted WRR single-user beamforming. Furthermore,
considering the random distributions of ground users and UAVs, we develop an analytical
framework to characterize the average channel power gain of the SARIS system and op-
timize the SARIS 3D placement. The results show that when users are far from the BS,

placing SARIS near the BS achieves a better performance. However, when users are near
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the BS, placing SARIS between the BS and users can balance the doubled path loss and
the excessive NLoS path loss. Moreover, simulation results demonstrate that the NLoS
components can be ignored, which reduces the system overhead for channel estimation. In
future work, the energy consumption of the SARIS system will be considered [106], where
the energy supply technologies (e.g., wireless power transfer and energy harvesting [107]) and
the energy-efficient communication protocols will be investigated to improve the operational

time of the SARIS system.



5.6. SUMMARY 137

3.5

Il Scheme 1, full CSl-based opt
Il Scheme 1, LoS CSl-based opt
3 I Scheme 2, full CSl-based opt 1
Il Scheme 2, LoS CSl-based opt

- n
- o N o

Weighted sum-rate, [bps/Hz]

o
o

5 15
The number of UAVs (L)

Fig 5.12: Weighted sum-rate versus L under full CSI-based and LoS CSI-based beamforming
optimization, where K =4, M = 8, xy = 400 m, and the SARIS 3D position is optimized.



Chapter 6

Conclusions and Open Problems

In this chapter, we the main contributions of this dissertation and a few promising future

research opportunities.

6.1 Summary of Contributions

In the last few years, UAVs have been widely developed from experiment to civilian use.
Researchers started thinking about how to integrate UAVs into the wireless network for im-
proving communication performance. In the meantime, users require intensive computation
resources to execute their tasks in an energy-saving but low-latency way. Edge computing
has been proposed to offload users’ computation tasks to the edge servers. This dissertation
focused on these two emerging technologies in wireless networks and explored a combination

of their strengths in developing energy-and-spectrum-efficient cyber-physical systems.

Thus far, the main contributions of our work in this dissertation are summarized as follows.
In Chapter 1, we presented the fundamentals and motivations when deploying UAVs, edge
computing, and RIS. The limitations on the design of these communication networks were
discussed. Then, we investigated the technical challenges and corresponding solutions of

these emerging technologies in wireless networks.

In Chapter 2, we utilized machine learning and stochastic geometry to model and optimize

138
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the spectrum sharing policy among ground D2D and UAV users. In the considered scenario,
the D2D-Txs are primary users, and UAVs are secondary users. UAVs opportunistically
access the licensed spectrum by performing spatial spectrum sensing. To model such 3D
spectrum sharing networks, we first obtain the probabilities of spatial false alarm and spatial
missed detection of a typical UAV in the hybrid network. The coverage probability of
a typical D2D-Rx and a typical UAV-Rx are derived based on the intermediate results.
Finally, we characterize the ASEs of D2D and UAV networks, respectively. Simulation results
show that reducing the spatial spectrum sensing radius of UAVs decreases the coverage
probability of UAV communications. However, this improves the ASE of UAV networks
despite the increasing inter-UAV interference. Based on the developed model, we can obtain
the optimal spatial spectrum sensing radius of UAVs, which maximizes the ASE of UAV
networks and guarantees the minimum ASE of D2D networks. Furthermore, the UAVs’
optimal transmit power is optimized to maximize the ASE of UAV networks, given the

requirement of minimum ASE of D2D networks.

In Chapter 3, we considered that UAV can provide computation resources for the ground
users together with the GCAPs. In such air-ground integrated MEC systems, we developed
an energy-efficient resource allocation algorithm. In the algorithm, we minimized the energy
consumption of ground users by optimizing users’ association, users’ uplink transmit power,
allocation bandwidth for data transmissions, assigned computation resources, and UAVs
placement. We decomposed the primary energy consumption minimization problem into
several manageable subproblems, and optimized each subproblem alternatively. Numerical
results demonstrated the advantages of our proposed iterative algorithm compared with

other computing method.

In Chapter 4, we focused on the VEC system, where the vehicle and in-vehicle users request

computation offloading with the help of RSU and edge servers. Specifically, we developed
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a deep learning-assisted energy-efficient computation offloading algorithm for VEC systems.
The developed algorithm aims to minimize the vehicle and in-vehicle users’ energy con-
sumption, while satisfying their latency constraints and outage constraints. By optimizing
the users’ association, data partition, transmit power, and computation resource allocation,
we can efficiently leverage the computation resources at road-side edge servers. With the
help of deep learning method for users’ association, the algorithm can solve the complex
VEC problem and find a near-optimal solution in a real-time manner with low complexity.
Simulation results demonstrated the advantages of the proposed algorithm in substantially

reducing users’ total energy consumption compared with other methods.

In Chapter 5, we focused on enhancing the communication performance with UAV and RIS.
We modeled and analyzed a SARIS system where RIS are mounted on UAVs to assist the
blocked cellular downlink communications. Specifically, we considered a multi-user MISO
system where SARIS was placed to assist the downlink transmissions for ground users. We
introduced two beamforming schemes, namely multi-user beamforming and weighted WRR
single-user beamforming. Furthermore, considering the random distributions of ground users
and UAVs, we developed an analytical framework to characterize the average channel power
gain of the SARIS system and optimized the SARIS 3D placement. The results showed that
when users are far from the BS, placing SARIS near the BS achieves a better performance.
However, when users are near the BS, placing SARIS between the BS and users can bal-
ance the doubled path loss and the excessive NLoS path loss. Moreover, simulation results
demonstrated that the NLoS components can be ignored, which reduces the system overhead

for channel estimation.
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6.2 Open Problems

There are numerous open research opportunities of the works presented in this dissertation.

Few of the potential research directions on UAV and edge computing are listed below.

6.2.1 Efficient Aerial RIS-Assisted MEC Design

In previous chapters, we introduce aerial RIS (ARIS) mounted on UAVs and UAV-enabled
MEC, respectively. Furthermore, we can bring ARIS to MEC. Specifically, RIS is mounted
on UAV instead of the edge server to reflect users’ signals to the BS for computation offload-
ing. Such an ARIS-assisted MEC network enjoys many benefits. First, due to UAV’s agility
and mobility, ARIS can be quickly deployed in wireless networks. Its movement and place-
ment can be designed to further improve the network performance. Second, the ARIS can
provide LoS paths in air-ground channels to support reliable uplink transmissions for compu-
tation offloading, where the communication performance scales with the number of reflecting
elements on ARIS. Third, different from the terrestrial RIS, ARIS achieves three-dimensional
(3D) signal reflection, which is not restricted to the 180° half-space reflection, but instead,
it provides a 360° panoramic full-angle reflection. Forth, ARIS does not have energy-hungry
issues of the computation-related and communication-related energy consumption. This is
because ARIS is light in weight and only reflects the signals rather than decoding, forward-
ing, and computing the information. Fifth, the cost of the ARIS-assisted MEC network is
less than that of the UAV-enabled MEC network, resorting to the ease of RIS hardware
implementation, which is made of two-dimensional digital metamaterial. Therefore, it is at-
tractive but significant to investigate the orchestra of UAV, RIS, and MEC in both industry
and academia. A comprehensive comparison of different MEC networks is given in Fig. 6.1,

including the MEC without UAV, the UAV-enabled MEC, and the ARIS-assisted MEC.
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Figure 6.1: A comprehensive comparison of different MEC networks.

Notwithstanding its many benefits, the ARIS-assisted MEC network constitutes active (user,
BS, UAV) and passive (ARIS) components. Moreover, it involves a joint movement and/or
placement, communication, and computation design, thus differing significantly from the tra-
ditional MEC network. This motivates us to introduce ARIS into MEC network. Moreover,

new transformative applications of ARIS in MEC networks are shown in Fig. 6.2.

In the following, we illustrate some potential but significant research opportunities for inte-

grating ARIS into MEC networks.

Multi-Hop RIS in Air-Ground Cooperative Computing. RISs would be deployed in
terrestrial networks as a part of the infrastructure in beyond-5G and the sixth-generation
(6G) networks. Designing an efficient ARIS-assisted MEC network in the presence of TRISs

is worth investigating. For example, multi-hop RIS-assisted cooperative computation offload-
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Figure 6.2: Applications of ARIS in MEC.

ing through ARISs and TRISs can be designed, providing extended coverage and improved
achievable data rate. TRISs can be deployed near BSs, while ARISs enjoy flexible mobility to
provide reliable uplink data rates for ground users in their computation offloading. As such,
the ARISs’ movement/placement design, computation resource allocation, and the phase

shifts of ARISs and TRISs can be jointly optimized to improve the network performance.

ARIS-Assisted Distributed Computing. Distributed computing serves as a privacy-
preserving approach for multiple distributed devices to train a learning algorithm without
exchanging their private data samples. Based on the partially observed data, the devices
compute data locally and exchange their training parameters to improve learning accuracy.

In the exchange of training parameters, a model aggregator is usually required. However,
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a ground model aggregator is sometimes challenging to be deployed in specific areas, such
as disasters, and remote areas. Therefore, ARISs can be deployed to enable the parameters
exchange and model aggregation, by providing reliable uplink and downlink data rates for
devices with aperture gain and flexible mobility. Moreover, the trajectory and the frequency

of model aggregation can be optimized to minimize UAV’s energy consumption.

UAV Swarm-Enabled Cooperative ARIS for MEC. The number of reflecting elements
on a single UAV is constrained resulting from the UAV’s limited payload and flight stability.
Note that an ARIS with a large size is sensitive to air turbulence. However, with moderate
ARIS size, UAV swarm-enabled cooperative ARISs can be applied in MEC to increase the
aperture gain for computation offloading [89]. In this scenario, UAV swarm deployment
needs to be designed, given specific ground users’ and BS’s distributions. On the other
hand, multiple ARISs can form a single-hop reflection together or realize multi-hop reflections
cooperatively between users and the BS. The above two schemes are expected to be compared
given specific network settings so that we can determine which one performs better under

different circumstances.

Energy-Efficient ARIS Trajectory Design. In ARIS-assisted MEC networks, the propulsion-
related energy consumption accounts for the vast majority of the ARIS’s sum energy con-
sumption, which is dissipated for supporting the hovering and mobility of the ARIS. For the
rotary-wing ARIS, energy consumption is related to its velocity and acceleration. Thus, to
maximize the ARIS’s service time of computation offloading (i.e., minimize the ARIS en-
ergy consumption), we can jointly design the ARIS trajectory and phase shift matrix while
guaranteeing users’ latency requirements. As such, ARISs can form cascaded virtual LoS
links between users and the BS, and decide whether to move or maintain hovering status
for maximizing its long-term benefits. Moreover, in aerial computing networks with ARISs

(e.g., Section II-C and II-D), it is worth to investigate the UAV’s energy balance between
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the computation-related and propulsion-related energy consumption to maximize the service

time of aerial computing.

ARIS-Assisted Wireless Powered MEC. Wireless power transfer (WPT) allows the
BS to transmit energy by electromagnetic waves for energy-constrained devices. The con-
vergence of WPT and MEC has fostered the rise of wireless powered MEC to prolong the
battery’s operation time. Traditional wireless powered MEC relies on the BS’s multi-antenna
beamforming technique, constrained to the BS’s fixed deployment. By deploying an ARIS
for both WPT and MEC, one can adjust the phase shift matrix and the ARIS movement to
enhance the pointed beams’ signal strength and form the cascaded virtual LoS paths. Users
utilize their harvested energy of WPT to upload their computational tasks. In such a new
3D cascaded wireless channel, the doubly near-far problem in WPT needs to be revisited,

and the computational tasks heterogeneity in MEC needs to be considered.

ARIS-Assisted Vehicular Edge Computing. Vehicular edge computing has become
a promising computing architecture in vehicular networks [108]. Edge servers can offload
vehicle users’ computational tasks via roadside units. However, enormous vehicles sometimes
dramatically appear on certain roads during the peak hours, and thus the computation
resources of the edge servers on these saturated roads may not satisfy the users’ intensive
computation demands. In this case, ARISs can be quickly deployed on the saturated roads,
offloading part of vehicle users’ computational tasks to the edge servers on other roads
that have available computation resources. The ARIS-assisted computation offloading and

computation balancing for vehicular edge computing networks are worth to be investigated.
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6.2.2 Computing in Space-Air-Ground Integrated Networks

The space-air-ground integrated network (SAGIN) is an exemplary network architecture in
6G networks to provide ubiquitous connectivity as shown in Fig. 6.3. In SAGINS, there are
three network segments, namely terrestrial network, aerial network, and space network[109].
Aerial networks and space networks belong to non-terrestrial networks. In previous chapters,
we study aerial network-enabled edge computing. In SAGINSs, the space network can also
help on offloading tasks for ground users. Assume that the geostationary orbit (GEO)
satellites, medium earth orbit (MEO) satellites, and low earth orbit (LEO) satellites have
the computing ability and/or act as relay nodes to forward the computation tasks from
overloaded ground edge servers to available ground edge servers. However, the computing
capability of satellites is usually limited due to their restricted size, weight, and onboard
energy. Computing in SAGINs should be operated in a cooperative way where the three

network segments collaboratively offload the computation tasks.

The cooperative computing over SAGINs can be utilized in many scenarios. In the following,

we present some examples.

Computing in disasters. In disasters, the terrestrial base stations (BSs) are destroyed
and disabled due to damage. The aerial network can be quickly deployed to support the
computing services. In the meantime, the space network can assist the terrestrial network
and aerial network in offloading computation tasks by forwarding the tasks to other available
edge servers and/or the remote cloud servers. In this scenario, the system design should
consider the impact of propagation delay resulting from space networks on edge computing

performance.

Computing for remote Internet-of-Things (IoT). The current network can usually

not cover remote areas such as forests, vast oceans, and other arduous environments due to
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Figure 6.3: Computing architecture of space-air-ground integrated networks.

the limited network coverage capability. In these remote areas, IoT devices may be widely
deployed to complete specific tasks requiring data computing. However, the battery capacity
of a remote IoT device is limited, which restricts the IoT device from executing extensive
computation tasks. To this end, SAGINs can be used to offload these remote IoT devices’
computation tasks to edge/cloud servers to save their energy and provide globally scalable

connectivity.

Computing for Internet-of-Space-Things (IoST). In non-terrestrial networks, satellites
usually require computation resources to execute their intensive tasks. Due to the limited

computation capacity and restricted onboard energy at satellites such as CubeSats, the tasks
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can be offloaded to other network segments to save energy consumption and reduce compu-
tation latency. The cooperative task offloading in SAGINs is worth to be investigated in the
future. Note that the relative orbital velocity of satellites to other network components is
usually significant, which generates the phase noise and frequency offset due to the Doppler
frequency shift. As such, the orthogonality among sub-carriers would be destroyed. There-
fore, new modulation schemes, such as orthogonal time-frequency space, can be utilized in

information transmission.
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Appendix A

Proofs for Chapter 2

A.1 Proof of Lemma 2.4

Considering that there is at least one D2D-Tx in the A, under the case of H!, we can
straightforwardly obtain the test statistics I' under H! is greater than that under H°, as

follows

P(T >e|H', I') > P (T >e|H, I°) & (1 — Ppa) > Ppa, (A1)

where ¢ is the energy detection threshold. In addition, we have

PO—Pl:(Pfa—1+Pmd)ﬁ1+(1—Pfa—Pmd>ﬂo
(A.2)

= —[(1 = Png) — Pra) B1 + [(1 = Pra) — Pral Bo = [(1 = Pra) — Pra) (Bo — 51) > 0,

where 5y > (1 in the system model.
Therefore, P° > P! holds, which completes the proof.
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A.2 Proof of Theorem 2.5

According to (2.1), conditioned on the D2D serving distance I = Hdk - uﬁ”, the coverage

probability of a typical D2D-Rx u{ is given by
Pp| I

=P{SINR (u}) >}

7%‘ (I;/d + qufl + an2>
k k

(A.3)
th th th . 2
= EIDd % ‘CIVd % exXp _—/YDdO-:laGG .
Yk PD (lk) Yk PD(lk) PD (lk)
More specifically, we have
EI% (s)
Yk
=E{exp | —s Z Pthjqudj — UZ“_QGG (A4)

djE@D,djsﬁdk
9 2
2T )\D(SPD) “GG

: 2T
m|(—
aga S (aGG )

=exp | —

We define an integer N}, satisfying @y g, will Hy, ~ Rs. The interference power generated

from UAVs is obtained by a summation of each sub-region as follows

Np, N
Iy= Y 1"+ Y L. (A.5)
n=1 r n:Nh+1 g

The Laplace transform of the interference power from UAVs at a typical D2D-Rx ug is

Ly (s)=JLwa(s) U Lpn(s). (A.6)
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In addition, we have

Np
U Ly (s)
n=1 k

Np,
=[E ¢ exp —SZ Z

n=1 ,UHn €‘I>L k
J V,H

HU] HUJ U,

n

e}

Hyp o d Hy ,d
Pxros (vj™, uf) Pvﬁgv;fnug Pros (v;'™, uf) Pvgv;fnug]
M

Rs2—Hp?

Np
R exp {— Z 21 P Ay, /

n=1

2 [1 (1 +¢& (z, Py, Hy) + O (x, Py, Hy))~ }dx} ,

and

snar Py (:U2 + Hng)_%#c/M

/ P, H =
/ Pyn(z? + H,> - /
o' (z, Py, H,) = M il M ) —né (z, Py),

where in (A.7) we approximately consider the interference at the typical D2D-Tx instead of

at the typical D2D-Rx for analytical tractability.

When n > N, the flight heights of UAVs exceed the spatial spectrum sensing radius R;.

Thus, based on the anlytical framework, UAVs will transmit with probability P°. Therefore,
N

the Laplace transform of ) IX;" is obtained by substituting P° for P;%; in (A.7) and

n=Np+1 F
letting the lower limit of integral to be zero.

Combining (A.4), (A.6) into (A.3), we obtain the coverage probability of a typical D2D-Rx

as in (2.36), which completes the proof.

A.3 Proof of Theorem 2.6

The serving distance of UAV u! is denoted by IV, where [¥* = r¥2 + h,, 2.
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According to (2.4), conditioned on r} and h,,, the coverage probability of UAV-Rx ! is
Py |7y, by, =P{SINR (u}) = | r!, h,}
it

=P gvlu P aac szahvi
Py L (vi, uf) (l”)
- Vth[agg M
1 —exp o
( Py L (v, uf) (7))~ AG)]

@ M M 77’Yth[agg n A
z( SR

Iagg

Y1 E

th

M MYy agg
M aag Luy
_ Z (_1>n+1E e PVL(vlu )(l”) AG
n=1 n
M
M
=> (=)' Lyp, (s) Ly, (s) e,
n=1 n ¢ “

where Izgg = IL@ + Iﬁ + 0,2 is the aggregated interference and noise power at u?, s =

n th
Fri(en nM)’E‘;U) = and L (v;,u}) = Pros (vi,u}) +nPnros (vi, uf) is given in (2.37), (a) is ob-

tained by the approximation of normalized gamma distribution of g,,.» [110], (b) is obtained

from Binomial theorem. Specifically, we have

22\ p (s Pp)76e

El% (8) =K CXp | =5 Z PthjUﬁde_U;}H_aGG ~Rexp | — T D(S D) ce

ut d;edp aqe sin <a2;rc>
(A.9)

Similar to (A.5) and (A.6), the Laplace transform of the interference power from UAVs is

cﬂ Uzﬂn) U Ly (5). (A.10)

n:Nthl i

The results of (A.10) can be obtained with the similar methods to (A.7).

Finally, combining (A.9) and (A.10) into (A.8), we can obtain the desired results.
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Proofs for Chapter 3

B.1 Proof of Proposition 3.1

The energy consumption T¢ = of UE k associated with GCAP m is given by

m * .
Bt (1+ o) (B.1)
0
The first order derivative of Y  with respect to Py, is

Bimno+h$, prm h$ Prm

Oprm By pim ) 12 (B:2)
m m kEmErm
(1 )

. _ Bimno+h§ prm 1 RS Pim

Letting z = Trl;o’ we have v > 1, 1 — - = m. The numerator of

(B.2) can be expressed as g, () = In (z) — (1 — 1) and its first order derivative is given by

Ogp(x) __

p = 1 — & =231 > 0. Thus, we have g, (z) > 0 and > 0, which indicates that

T¢ is non-decreasing with pn,.

The energy consumption of UE k associated with UAV m is given by

Pkm Dy In 2
T =

b Pim (B.3)

woa (A)
2

Bkm In|1 -+

Brmno ((4)*+(L14,)°)
where aga (z;i) = max (a1 — aslogy, (ZA) 2) It can also be proved that 2lkm api > 0 which

indicates that Y4 is non-decreasing with the respect to Ppy,.
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B.2 Proof of Theorem 3.2

To minimize the power consumption of UE k associated with GCAP m, the latency constraint

should be satisfied, i.e., RG + fF L =T}, and we have
km

hS Dim D
log, (1+ kmDk k

o ) B (Tk —

Similarly, when UE k is connected to UAV m, the maximal latency constraint is expressed

) : (B.4)

f km

as RT + L — 7, In addition, we have
Prm Dy, N Dy,
: B.5
8. Bim B, (Tk fkm> (B.5)

By calculating the transmit power in (B.4) and (B.5), we obtain the closed-form expressions

as shown in Theorem 1, which completes the proof.

B.3 Proof of Proposition 3.3

We define the function f (z) = zIn (1 + %) ,x>=0,a>0,b>0, and we have

b b 1
f’(:v):ln<1+£>—b_i_m::ln(y)%—;—l, (B.6)

i == +b We define the function h (y) = In(y) + i, and we have
R (y) = i — L >0and h(1) = 1. Thus, we have h (y) > 1 and f'(z) > 0.
The second order derivative of f (x) is given by
b2
" (z) = —W <0, (B.7)
which indicates that function f (z) is a concave function with respect to x. Thus, Ry, is

a concave function with respect to By, and ﬁ is a convex function of By, accordingly
m

which means the objective function of (3.32) is a convex function.
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In addition, due to the fact that constraints of (3.32) are convex, problem (3.32) is a convex

problem, which completes the proof.

B.4 Proof of Theorem 3.4

Since m&nﬁ (b, v, ) is a convex problem and the slater’s condition is satisfied, we solve it

ILbuN) _

by using KKT conditions and letting ==; B,

Then, based on KKT conditions, we have

hkmp*m hkmp*m
Ap — Wem . In <1 + Bkm'ZO > o hkmp;;m‘f'kBkmnO (B 8)
Wi F o)) Deln2 g 2y (14l )] |
km™0

where aj,, = 1, which completes the proof.

B.5 Proof of Proposition 3.5

By denoting SN Ry, = %, the function ¢ () is given by

ln (1 + SNka) _ SN Rk,

_ T SNka—&-ac. B
G R T (B.9)

In addition, the first order derivative of ¢ (x) is given by

2
oY (x) _ (Sijz\gf,iﬁa:) (aln - SNRim-I—Jc) B 2 [ln (14 35) — Si]j?f:jw} (B.10)
or 22 (14 S |7 ol (14 )7

1
SNRym~+x

0Y(x)

Since % — > 0, we have =5~ < 0, which completes the proof.
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B.6 Proof of Theorem 3.7

The Lagrangian function of problem (3.46) is given as follows

‘C(fgwAf)
— BZmTkF;kDZGm*Fk BZmno i_
_kgC:m OBt ) + hiim (f;?m Tk) (B.11)
(58, ) + 7 (6 (1) (FE — £, ()] 4, ( > o fm> |
kem

where A, is the multiplier of (3.41a).

Since problem (3.46) is a convex problem and the Slater’s conditions are satisfied, we can

use KKT conditions to obtain the optimal solutions, which are expressed as follows

oL (f9, X
—(gf% /) =0,ke K,
km
(3 s s <o
kEKm (B.12)
ST SE, < S andf G < FG, k€ K
kem
\)\ ;=0
More specifically, the derivative of (B.11) is given by
Fy. D
&mé/\f) _ QBZm’Tk(f‘kf%mka) CyIn2F;, D, i
By, noFy

TRTAE T (8 () + A k€K,

oL, A5) . . . .
It can be observed that % increases with fC . We consider the following two cases,
km

ie, Ay >0and Ay = 0.
Case 1: When Ay > 0, according to the fact that s ( Sofe — fn(f’pmc> = 0, we have

ke
> 8= £ '
keKm " "
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£ 2,
In addition, since M(gf+’/\f) =0,k € K,,, we have
km
Fy. D
o it (1) Caln2F Dy 2 BzmnOFkQ

=X +7(f5, @), k€K

Define the function ¥¢ (y) as in (3.49). Then, we obtain the optimal f& by (3.47)
and \; is obtained by (3.48). Since V¢ (y) decreases with y, we can determine that

ge (A +7(f5, (1)) decreases with Ay.
Owing to Ay > 0, we have > max <\11ka_1 (7- (flfm (t))) : ]fnvlmin> > fGiprac
kEKm

Case 2: When Ay = 0, f< is obtained by letting Ay = 0 as shown in (3.50). According to

the constraint Y f& < f&Prac we have Y. max <\11ka_1 (T (f5, @), fnﬂlmin> < fGprac
keXm kekm

which completes the proof.
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Proofs for Chapter 4

C.1 Proof of Lemma 4.1

First, given ag,,, we have N, = f,’;%D ko— BiDr . According to the distribution of
km 7B ( NoXg )
In2 hL p
kmPk

small-scale fading, we have

Nkm]P) {ka (t) < ka}

= Pql 14+ ) < —=&
TB)\g ( NoXg ) 082 * Ny In2 hﬁmpk

In2 hﬁmpk

PiDy 0.2 >P{gkm (1) < (23‘%(%?:5&) - 1) Mo } (C1)

- Nodg hL
TBA® (2 P
Ag NoAg
= P Dy In 2 1—exp|— 21"2¢<hﬁmpk) —1 ]\L[O)\g .
TBA® (2 ) hE D
hkmpk'

Then, according to NP {Rm (1) < Rem} < o, Vk € K, we have

Ag Norg
1—exp | — <2ln2¢(h£mpk) _ 1) hAL[O);]k]
km
<, VEkeEK. (C2)
TBA; g ( Nokg
Considering the user association ay,,, we have
- TRYEEY NoA DyIn?2
Zakm {1 — exp [— <21“2 (himpk) _ 1) hLO g B Dy I;” <o, VkeEK.
0
m=1 kmPk TB)\g(I) (m)
(C.3)
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C.2 Proof of Proposition 4.2

Define a function Z; as follows

2 2
Y Dr " Fr
= + —Ti. C4

Zy

Then, the Hessian matrix Hy, of Z; with respect to v, and fy,, is given by

2Dy | 2P _o. _Fi
HZ — RI:m + fkm P)/k fk:m2 (C 5)
. ) .
_ Fk 2 Fk
It can be observed that the first-order principal minors are non-negative, i.e., gz‘; > 0,
88;;3:2 > 0. In addition, the second-order principal minor, given by |Hyz, | = % > 0,

is also non-negative. Thus, according to Sylvester’s criterion, the Hessian matrix Hy, is a

positive semi-definite matrix, which indicates that Hy, is jointly convex for v, and fin,.

C.3 Proof of Theorem 4.3

If ¢, <0, L(c,f w,¥) is a quadratic function with respect to 7, and it is monotonically
increasing with respect to v, when v, > 0. Therefore, the optimal 7, is obtained at its lower

bound value ¥ which is obtained from (4.8b).

If ¢, >0, L(c,f,w,?) is a quadratic function and it is convex with respect to ;. By taking

the first order derivative of L (c,f, w, ) with respect to v, we have

oL (c,f,@,V) , Dy, Fy
— = 2 V2v,a; — 4+ — . C.6
v ViChk + V2V, ( R + o (C.6)
Letting % = 0, we obtain yzpt which minimizes L (c,f, @, d). From (4.8a), we obtain

the upper bound of vy, i.e., v, which is given in (4.19), and the optimal -, is expressed in

(4.16) by considering lower bound and upper bound of .
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Given the optimized ¢/*!, for the kth user connected with the mth edge server, the first-order

derivative of L (¢/*!, f, w, ) with respect to fi, is given by

=, — (7 : (C.7)
cItl fw
Letting W = 0, we obtain the optimal f3,,, i.e., ,Sﬁf , as follows
N2
oot _ | On(0) Fy (C.8)

km T,

In addition, the computation resource allocation needs to meet user’s latency requirement.

According to (4.8a), we have fi,,, > flb = ﬁ Combining (C.8) and fI°  we obtain

km km>
(’YiJrl ) 2 ka

(4.20), which completes the proof.

C.4 Proof of Theorem 4.4

Due to the fact that % =& (z)x+ P (x) — 1 >0, the function ® (x) x increases with z.
Thus, the objective value in (4.24) decreases with 7, and the optimal n; takes as large value

as possible. Since OCI;_;I) = @ () — = <0, the LHS of (4.24a) increases with 7. The upper

bound of 7;, in (4.24a), i.e., 7", is obtained by taking equality in (4.24a). In addition, the

LHS of (4.24b) is an increasing function with respect to 7. Thus, the upper bound of 7 in

(4.24b), i.e., an’Q, is obtained by taking equality in (4.24b). Combining the upper bounds

(i.e., """, n'™?) and the lower bound of 7y, (i.e., nlb = s

= W)’ we obtain the desired results.
km¥tk
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Proofs for Chapter 5

D.1 Proof of Lemma 5.1

In the Cartesian 3D coordinate system as shown in Fig. 5.2, the BS is located at the origin.
Denote the projection of an arbitrary ARIS on the ground by ag = (24, Y4, 0), where z, is
the ARIS coordinate on x-axis and y, is the ARIS coordinate on y-axis. Then, the horizontal
distance between the BS and aq is given by %, = \/m The conditional cumulative

distribution function (CDF) of I, is given by

FL}}%A (Z%A} xA)

fA (:Ea — T4, ya)dmadya

//\/ xa2+ya2<l%A (D1>

ra:l%A Ya= (I%A)Q—maQ
- / / fa(Ta — 4, Ya)dTadya,

a==1h 4 S ya=— (l}éA)Q*xGQ
where fa (+) is given in (5.40).
Thus, the conditional PDF of L% , is obtained by Leibniz’s rule for differentiation, as follows

8FLh (Z%All'A)
fL%A (Z%A‘ ‘IA) = BAal%A

/ th Tha [fA (‘”& —way/ (1) - ) i (% = w4y (tha)” - ﬂ
N —lba (l%A)Q—xGQ

dz,.

(D.2)
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By substituting (5.40) in (D.2), we have

2 lba "
h _ BA
fL%A (ZBA’ xA) - 7TRA2 / (l%A71A2+(l%A)2RA2> (lh dea

max Son BA)2 -z,
(@) 200, [lba 1
= 5 3 [e.24(ih VP Rr,2 dz,
7R,Z Jratillha) —ra® [o T
ZA2+(Z%A)2_RA2>
2lh arccos(uh
® BA2 / Alba ldr
7TRA 0
21" wa+ (Ih,)7 = Ry
— BA2 arccos | —2 ( BA})L A ,
7TRA Q‘TAZBA
where (a) is obtained because if x4 > R4, then xa— R4 < 1%, < x4+ R4, thus ZaU A)
2 2
—Ih if w4 < Ry, then Ry — 24 <15, < Ra + 24, thus oA +(l§m’:) —fia > —I% ., in (b), w
let 2, = 5, cos 7.
The distance between the BS and an arbitrary ARIS is given by lgsa = (l% A)2 + H?.
Therefore, the conditional PDF of the lg4 is given by
h b
frsa (Ipalza, H) = frn (Iha] za)
alBA l%A: ZBAQ*HQ ( )
2lpa ATCCOS Z’A2+ZBA2—H2—RA2 ‘
7TRA2 QIA\/ZBA2—H2 7

which completes the proof.

D.2 Proof of Lemma 5.2

As shown in Fig. 5.2, for an arbitrary ground user, we denote the distance between the
ground user and the projection of the SARIS coordinate on the ground by [;.,. Denote the

horizontal distance between the ground user and the projection of an arbitrary ARIS on the
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ground by 1%;;. Conditioned on [y, the conditional PDF of I%; is given by

21"
fL}AU (ZZU| lUcA) = WAAUQQ (lUcAa lﬁU7RA) , Mmax {OalUcA - RA} g ZZU < lUcA + RA- (D5)

Furthermore, if x4y > Ry, the conditional PDF of [;., is given by

2y,
fLUcA (lUcA|LCA) = W; AQQ(SL'U — SL’A,ZUCA,RU), 0 g lUcA < T AU —|—RU. (D6)
U

If x4v < Ry, the conditional PDF of [y, is given by

2y
Fuo.. (lpes] 24) = 2wy —xa,luey, Ru), Ru — 2av <lue, < @av + Ry o)

e
Tt 0<lye, < Ry —xav

Note that in (D?), it0 < ly., < Ry — zay, we haVeP{O <lye, < Ry — xAU} _ (Ru—zy+wa)®

Ry?
and fr,., (lreal 0 <lyey, < Ry —wav) = %fzjﬁﬁ‘ Therefore, we have
fLUcA (lUCA70 < lUCA < RU - wAU|$A)
=P{0 < lye, < RBv —2av} fry., (Wea| 0 < lye, < Ry — zav) (D.8)
~ 2lye,
=R

Now, we are in the position of removing the condition of Iy, from I%;;. The conditional

PDF of 1%, which is conditioned on x4, is given by

if 24y > Ry, then fin (U] za)

zau+ Ry ZZZU 0 . 2 0 (Dg)
= 5 2 3 [ ) R 5 2 - s by R d )
/mAU—RU 7TRA2 (x AU A) WRUZ (Q:U At U) ’
and
if 24y < Ry, then fin (U] za)
4l]/11U /:vAUJrRU T ( b ) ( )
=—553 —Q (2, Ly, Ra) Q(vy — 24,7, Ry)dx D.10
WRAQRUQ Ryu—zayu AU ( )
4

Ry—zavu N
+m/0 x€) (ZE,ZAU,RA)d.’L'.
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The distance between an arbitrary ARIS and an arbitrary user is given by L4y = 4/ (ZZU) o)

Then, conditioned on z 4 and H, the conditional PDF of [ 4 can be obtained by f1,,, (lav|za, H) =

o7h
Fun, (o wav) | 5

- which completes the proof.

Z}AU: \V4 l2AU_H
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