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ABSTRACT

EFFICIENT ORCHESTRATION METHODS IN AIR
COMPUTING USING DEEP REINFORCEMENT
LEARNING

After the proliferation of smart devices and diverse Internet of Things (IoT) re-
quirements, we observe the dominance of cutting-edge applications with ever-increased
user expectations in terms of mobility, pervasiveness, and real-time response. Over
the years, to meet the requirements of those applications, cloud computing provides
the necessary capacity for computation, while edge computing ensures low latency.
However, these two essential solutions would be insufficient for next-generation ap-
plications due to the highly dynamic load. Therefore, we put forward a novel, next-
generation paradigm called air computing that presents a dynamic, responsive, and
high-resolution 3D computation environment for all spectrum of applications. To this
end, we first investigate efficient task orchestration through deep reinforcement learning
(DRL) considering terrestrial resources via edge computing. Afterwards, to evaluate
the corresponding air computing environments correctly, we design and develop our
novel discrete event simulator, AirCompSim. Subsequently, we focus on the unknown
user locations in an infrastructure-less environment in which users cannot connect to
any communication device or computation-providing server, which is essential to task
offloading in order to achieve the required quality of service. Thus, we propose a novel
DRL-based scheme, DeepAir, which uses four main phases including sensing, localiza-
tion, resource allocation, and multi-access edge computing. Performance evaluation re-
sults show that our DRL-based methods outperform the benchmark methods including
heuristics and fuzzy logic. Thus, problems related to dynamic capacity enhancement

and orchestration can be overcome in air computing environments.
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OZET

HAVADA HESAPLAMADA DERIN PEKISTIRMELI
OGRENME KULLANARAK ETKILI ORKESTRASYON
YONTEMLERI

Akill cihazlarm yayginlasmasi ve cesitli Nesnelerin Interneti (IoT) gereksin-
imlerinin ortaya cikmasiyla birlikte, hareketlilik, yayginlik ve gergcek zamanli yanit
agisindan kullanici beklentilerinin giderek arttigy, ileri diizey uygulamalarin hakimiyeti-
ne tanik olmaktayiz. Gectigimiz yillarda, bu uygulamalarin gereksinimlerini kargilamak
amaciyla, bulut hesaplama gerekli hesaplama kapasitesini saglarken, ucta hesaplama
ise diigiik gecikmeyi temin etmigtir. Ancak, yiliksek dinamik yiik nedeniyle ortaya ¢ikan
hesaplama ve iletigim darbogazlari, bu iki temel ¢ozliimiin yeni nesil uygulamalar icin
yetersiz kalmasina sebep olabilmektedir. Bu nedenle, tiim uygulama gesitleri i¢in di-
namik, duyarl ve {i¢ boyutlu bir hesaplama ortami sunan yeni nesil bir paradigma olan
havada hesaplamayi ileri stirmekteyiz. Bu dogrultuda, oncelikle, karasal kaynaklar: kul-
lanarak ugta hesaplama araciligiyla derin pekistirmeli 6grenme (DRL) ile verimli gérev
orkestrasyonunu arastirdik. Ardindan, havada hesaplama ortamlarini dogru bir sekilde
degerlendirebilmek amaciyla AirCompSim adinida yenilik¢i ayrik olay simtilatoriimiizii
geligtirdik. Sonrasinda, kullanicilarin herhangi sunucuya baglanamadigi altyapisiz bir
ortamda, kaliteli gorev aktarimini saglamak icin bilinmeyen kullanici konumlarina
odaklandik. Sonug olarak, algilama, konumlandirma, kaynak ayirma ve ¢oklu erigimli
ugta hesaplama olmak tizere dort temel agamadan olusan DeepAir adinda, DRL tabanl
yeni bir yontem onerdik. Basarim degerlendirme sonuglari, DRL tabanl yontemlerimiz-
in, sezgisel ve bulanik mantik yaklagimlar: dahil olmak tizere ilgili kargilagtirma yontem-
lerinden {istiin oldugunu gostermektedir. Sonug olarak, havada hesaplama ortam-

larinda dinamik kapasite artirimi ve orkestrasyon ile ilgili sorunlar agilabilmektedir.
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1. INTRODUCTION

In order to meet the stringent demands of fully connected, intelligent, and com-
putation intensive applications with low latency support, vertical networking solutions
provide many opportunities [1]. Especially, considering the number of Internet of
Things (IoT) connections which are estimated as 30.9 billion in 2025 [2], vertical net-
working would be crucial for the seamless coverage and dense connection capabilities.
Moreover, since the connection of devices that have separate requirements must be pro-
cessed heterogeneously to ensure Quality of Experience (QoE), reliable computation of

different task types is critical in the next-generation networking systems [3].

The diverse requirements of next-generation applications are hard to satisfy with
well-known practices [4]. Therefore, the deployment of Unmanned Aerial Vehicles
(UAVs) as Low Altitude Platforms (LAP), airplanes as High Altitude Platforms (HAP),
and Low Earth Orbit (LEO) satellites are legitimate candidates for future networks.
Hence, they can provide low latency, high computation capability, reliability, and avail-
ability in order to satisfy the requirements of different applications. These properties
are specifically important for the processing of the corresponding tasks of those appli-
cations in terms of content caching, resource allocation, task offloading, and extreme

mobility.

Although edge computing provides promising results in urban settings in the
short-run, reaching genuine ubiquitous execution of real-time, computationally inten-
sive novel applications will require further approaches. Air components with computa-
tional processing units in this respect harmonize traditional terrestrial edge computing
with a wide range of air technologies to obtain a robust, high-capacity computational
infrastructure that embraces urban, suburban, and rural scenarios. Since air layers and
the corresponding air components would be an essential part of the next-generation
networking systems, we call this next-generation computation paradigm as air com-

puting.



The main advantage of air computing as a new computational paradigm is that
it can meet the requirements of dynamically changing QoS needs. Since infrastructure-
based fixed capacity may not satisfy application requirements during an event, differ-
ent air platforms can be directed to the corresponding location through air computing.
Thus, the QoE of users would not be affected even though the capacity of the infras-
tructure can be exceeded thanks to the coordination between different components in
air computing. This coordination can be through computational offloading, content
caching, coverage, and mobility. Moreover, it can be performed in urban, suburban,

and rural areas.

Since air computing includes both terrestrial servers and air components, edge
and cloud computing related problems are also in the scope of the corresponding re-
search issues. Accordingly, the orchestration of the task offloading, which is one of the
most significant research issues that affects the QoS of the applications in the corre-
sponding environment, is a common research problem in edge/cloud computing and
therefore in air computing. In order to investigate it properly, edge computing specific
solutions can be investigated first since it covers a smaller area than an air computing
environment. Moreover, as related literature and simulators are mature in edge com-
puting, developing a valid orchestrator can also provide an essential insight to apply
specific methods in dynamic environments. Afterwards, the corresponding findings can

be enhanced into more generic scenarios in air computing.

Since air computing is an emerging paradigm, a corresponding simulation en-
vironment in which movement of UAVs and mobile users, deployment of edge/cloud
servers, and the related dynamic issues could not be developed properly. Therefore,
a simulation environment that can meet the required expectations should be used in
order to conduct valid air computing experiments. Hence, we can clearly observe the
advantages of air computing in terms of the task success rate, mobility of UAVs, and

dynamic capacity enhancement.

Considering the vast environment that air computing is able to operate, and



the dynamic capacity enhacement capabilities of the air vehicles such as UAVs, the
provision of the connectivity of users is a significant challange. Therefore, ensuring
a required QoS of user applications while user locations would not be known by the
network can be applied on many use cases such as a disaster site, wilderness, or a rural
area. Thus, a successfully deployed approach can enhance user satisfaction through air

computing.

1.1. Thesis Contributions

The improvements in the edge computing technology pave the road for diversified
applications that demand real-time interaction. However, due to the mobility of the
end-users and the dynamic edge environment, it becomes challenging to handle the task
offloading with high performance. Moreover, since each application in mobile devices
has different characteristics, a task orchestrator must be adaptive and have the ability
to learn the dynamics of the environment. For this purpose, we developed a deep rein-
forcement learning based task orchestrator, DeepEdge, which learns to meet different
task requirements without needing human interaction even under the heavily-loaded
stochastic network conditions in terms of mobile users and applications. Given the dy-
namic offloading requests and time-varying communication conditions, we successfully
model the problem as a Markov process and then apply the Double Deep Q-Network
(DDQN) algorithm [5] to implement DeepEdge.

Even though many studies and open research issues exist for air computing,
there are limited test environments that cannot satisfy the performance evaluation
requirements of the dynamic environment. Therefore, in this thesis, we introduce our
discrete event simulator, AirCompSim, which fulfills an air computing environment
considering dynamically changing requirements, loads, and capacities through its aerial
mobile servers, and modular structure. To show its capabilities, a dynamic capacity
enhancement scenario is used to investigate the effect of the number of users, UAVs,
and requirements of different application types on the average task success rate, service

time, and server utilization. The results demonstrate that AirCompSim can be used



for experiments in air computing.

One of the existing dynamic problems in air computing is the unknown user
locations in an infrastructure-less environment in which users cannot connect to any
communication device or computation-providing server, which is essential for task of-
floading in order to achieve the required QoS. Therefore, in this thesis, we investigate
this problem thoroughly and propose a novel deep reinforcement learning (DRL) based
scheme, DeepAir. DeepAir has four main phases including sensing, localization, re-
source allocation, and multi-access edge computing (MEC) to provide the correspond-
ing QoS requirements for the offloaded tasks without violating the maximum tolerable
delay. To this end, we use two types of UAVs including detector UAVs, and serving
UAVs. We utilize detector UAVs as DRL agents which ensure the sensing, localization,
and resource allocation phases. On the other hand, we utilize serving UAVs to provide
MEC features. Our experiments show that DeepAir provides higher task success rates
by deploying fewer detector UAVs in different scenarios with different numbers of users

and user attraction points compared to benchmark methods.

The contributions of this thesis are listed as follows.

e We introduce air computing which is the next-generation computation paradigm.
We define its components including terrestrial, LAP, HAP, and LEO layers and
investigate them thoroughly.

e We analyze recent studies that focus on edge computing, UAVs, and other air
components in the literature and compare them with air computing in order to
show its concrete advantages and possible solutions that cannot be offered by
traditional networking paradigms.

e We detail the scenarios for air computing that improve the QoS and QoE for
end-users. Especially, we focus on several use cases such as natural disasters, real-
time video, and outdoor activities. These use cases require seamless connection,
intelligent routing, and dynamic capacity enhancement which may not be met by

traditional computing schemes.



e DeepEdge can handle the diverse needs of different applications by offloading
their tasks into the appropriate edge or cloud server.

e Our DeepEdge orchestrator has learning capability so that it adapts to heavily-
loaded environments in terms of mobile users without human interaction. Since
studies that apply DRL in the literature do not investigate the effect of the
number of mobile users on a decision-making system appropriately, we explore
the limits of our DRL agent by deploying varying amount of mobile devices in
our simulations.

e Even though the stochastic nature of the edge computing environment due to
different application types and user mobilities cause the delayed action effect, we
can model the problem as a Markov process rather than applying policy gradient
or semi-Markov process that are used by studies to provide a policy for task
offloading. Thereby we can implement the DDQN algorithm for orchestration.

e We present AirCompSim, which provides air computing simulations consider-
ing different user/application profiles, edge servers, and air vehicles, especially
UAVs. Therefore, to the best of our knowledge, AirCompSim has unique features
regarding the existing simulators.

e AirCompSim supports dynamic scenarios through its scenario module in which
deployed entities would be failed, or existing policies can be updated. Moreover,
it provides a DRL-based event mechanism so that a researcher can implement a
novel flying or offloading policy in this manner. Furthermore, based on the event
mechanism, new modules based on different methods can easily be incorporated
in AirCompSim.

e In DRL-based UAV studies, a subset of four categories, including (1) sensing,
(2) localization, (3) resource allocation, and (4) UAV-assisted MEC, are mainly
considered separately in most of the cases [6]. In this thesis, we take all of these
categories into account and integrate as phases of our novel approach.

e In order to provide such a system, we developed a DRL-based multi-agent scheme,
DeepAir, which is a novel approach that iteratively detects user locations in the
environment using unconnected users’ additive RSSI as the reward. DeepAir

performs this operation iteratively, sending a single agent (detector UAV) to



the environment for each iteration, since the number of user concentrated areas
cannot be known apriori in most of the cases.

e We examined the relationship between the detector and serving UAVs by con-
ducting various experiments with different scenarios. As a result, the performance
of coordinated utilization of sensing, localization, resource allocation, and UAV-

assisted MEC phases on the overall task success rate is investigated.

1.2. Thesis Outline

The thesis is organized as follows. Chapter 2 provides the background information
and presents the overview of related studies in the literature regarding edge computing,
coordination and deployment of air units in different settings, and deep reinforcement
learning. We detail every aspect of air computing in Chapter 3 considering its concrete
advantages and possible solutions that cannot be offered by traditional networking
paradigms. In Chapter 4, we present DeepEdge, our DRL-based task orchestrator in
an highly dynamic edge computing environment. We explain the details of the devel-
opment and the corresponding performance evaluation of our simulator, AirCompSim,
in Chapter 5. We discuss the unknown user location problem and represent DeepAir, a
novel multi-agent DRL-based scheme in Chapter 6. Finally, in Chapter 7, we conclude
this thesis.



2. BACKGROUND AND RELATED WORKS

In this chapter, we provide a brief overview of edge computing, utilization of air
units, and fundamentals of DRL. Moreover, we discuss the related works regarding
the challanges that researchers encounter. Hence, we aim to highlight the original

contributions of this thesis.

2.1. Edge Computing

Since several application types such as image rendering, video editing, and sim-
ulation require intensive computation, cloud computing is proposed as the possible
solution regarding CPU and battery constraints of end-devices [7]. However, with the
proliferation of versatile devices and corresponding applications known as the IoT,
cloud computing could not meet the low latency requirements [8]. As a result, several
computation architectures including Cloudlet [9], MEC [10], and Fog Computing [11]
have emerged. In the literature, these architectures are named under the umbrella
term edge computing [12] which is also used in this thesis. The general architecture of

edge computing is shown in Figure 2.1.

The main idea behind the edge computing is that processing the computation-
intensive tasks, which cannot be processed in the end-device due to CPU and battery
limitation, in the suitable server in the Local Area Network (LAN). Moreover, the
concept can be enhanced to Metropolitan Area Network (MAN) due to scarce capacity
[8]. In that case, the most suitable server in the MAN is selected for the corresponding
application. Furthermore, cloud servers can also be used with edge computing for
latency insensitive applications in order to serve more users. In general, edge computing
is used for many application domains such as agriculture, healthcare, smart home,

robotics, data processing, video analytics, and virtual reality [13,14].
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Figure 2.1. Edge computing.

2.1.1. Recent Edge Computing Studies

Even though vertical networking adds another dimension to the current network
infrastructure in air computing, the essential element in an urban area would be edge
computing as it is deployed widely. As a result, determining a profitable edge strategy
is still important [15]. In this section, we investigate the most recent edge computing
studies considering resource allocation, task offloading, edge caching, and energy effi-
ciency issues. Moreover, we give an evaluation of selected edge studies in Table 2.1 and

analyze them considering the benefits of the air computing.

2.1.1.1. Resource Allocation. Along with the computation/task offloading, resource

allocation is one of the primary research issues in edge computing because of the new
generation application requirements including transmission bandwidth, latency, energy

consumption, and reliability [15,24]. In [16], authors perform intelligent task execution



Table 2.1. Evaluation of selected edge studies.

Study | Category Goal Solution Open Issue Benefits of Air Comput-
ing

[16] Allocation Providing both computation ef- | A joint method by a self- | Only a single edge | With multiple components,
ficiency and cost effectiveness to | adaptive DNN  partition | server is used it can increase the capacity
accelerate DNN-based task ac- | with cost-effective resource
celeration in the MEC allocation

[17] Allocation Maximizing the sum offloading | They relax the correspond- | Energy efficiency | 3D network structure would
rate, quantifying MEC through- | ing binary variables in the | regarding edge | alleviate the handover prob-
put, and minimizing the migra- | original problem to over- | servers is  not | lem
tion cost come non-convex issue considered

[18] Caching A cache-assisted multi-user | They formulate a non-linear | There is no mobil- | UAVs can be helpful for
MEC mechanism programming problem | ity caching important contents

which involves a joint
optimization

[19] Caching They investigate the coopera- | They use Lagrangian multi- | There is no mo- | Vertical networking would
tion problem of edge nodes in | pliers and then a distributed | bility and handover | increase capacity for
MEC optimization algorithm consideration caching based on air

components.

[20] Offloading A priority-differentiated  of- | They use Lyapunov op- | Only a single edge | Mission-critical applications
floading strategy that considers | timization  for  priority- | server is used can be handled very well
the stringent QoS requirements | differentiation regarding multiple compo-
of mission-critical services nents of air computing.

[21] Offloading Task offloading for multi-user | They propose a dynamic in- | Mobility model is | Seamless connectivity can
and multi-vehicle in vehicular | centive mechanism not clear alleviate the problems in ve-
MEC hicular MEC systems

[22] Energy Minimizing both the energy | They propose an evolution- | There is no mobil- | Multiple air components
consumption and task process- | ary algorithm that can effi- | ity and cloud con- | can alleviate the trade-offs
ing delay of the mobile devices | ciently find a representative | sideration between offloading and en-

sample of the best trade-offs ergy consumption

[23] Energy Energy-efficient offloading for | They propose a swarm | There is no mobil- | With the offloading to dif-
DNN based smart IoT systems | optimization algorithm for | ity ferent nodes in the air,

energy-efficient  offloading it may reduce energy con-
strategy sumption

using Deep Neural Network (DNN) partitioning regarding heterogeneous edge server
capacities. They propose a joint method considering cost-effective resource alloca-
tion and self-adaptive DNN partition in order to provide collaborative computation
between IoT devices and edge servers. Lieang et al. focus on the challenge of han-
dover between base stations considering the management of computation and radio
resources [17]. Therefore, the goals in this study consist of maximizing the throughput
and minimizing the handover cost. Chen et al. propose a cache-assisted multi-user
MEC mechanism considering to cache executive codes of tasks proactively [18]. Their

goal was to reduce the task execution delay and energy consumption of users. Xia et al.

consider the problems including resource allocation on demand for limited edge servers,
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and developing heterogeneous task offloading strategies [25]. To this end, they imple-
ment an online distributed optimization algorithm based on game theory to perform
optimal offloading and energy harvesting decisions. Bahreini et al. develop an auction-
based mechanism by addressing the resource allocation and monetization challenges in
MEC [26]. They focus on the dynamic provisioning of computing resources since the
tasks of users are heterogeneous. On the other hand, Roostaei et al. investigate Stack-
elberg game based distributed algorithm [27] in order to dynamically allocate and price
edge resources [28]. Zhao et al. develop a hybrid system considering beamforming and
resource allocation [29]. They benefit from the advantages of mmWave communications
indicated in [30] in order to optimize beamforming vectors at users and base stations
to minimize the maximum delay. In [31], Wang et al. focus on the challenges of limited
capacity of edge servers in a heterogeneous multi-IoT environment. To address this
issue, they propose a weighted cost model which is solved by a Deep Reinforcement
Learning (DRL)-based algorithm considering dynamic and stochastic edge computing

environments.

2.1.1.2. Task Offloading. Task offloading is the most crucial issue in edge computing

regarding QoS of IoT devices and their corresponding applications [8]. The performance
of task offloading is generally evaluated with other metrics such as energy efficiency
and edge caching hit [32]. Peng et al. used three constrained multiobjective algorithms
considering time and energy consumption in order to solve the computation offloading
problem in an edge environment [33]. Feng et al. on the other hand focus on different
requirements of mission-critical applications regarding their priorities [20]. To this end,
they benefit Lyapunov optimization considering the energy consumption of resources
[34]. However, they use only a single edge server in their experiments. Chen et al. on
the other hand, develop a system that jointly optimizes task assignment and ofoading
scheduling in order to minimize maximum completion delay [35]. For this system, they
also consider different communication and computation capabilities. Xue et al. develop
a dynamic incentive mechanism to investigate the problem of the task offloading and
resource allocation [21]. They consider a multi-user and multi-vehicle system. They

use the Stackelberg game for the interaction between MEC service provider and user
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equipments (UEs). In [36], authors focus on data caching and computing offloading
in a two-tier MEC environment. They consider the constraints of tasks in terms of
the delay and the minimization of the network cost at user. However, they do not
include mobility for the users and cloud option for offloading. Xu et al. investigate the
performance of task offloading in High-Speed Railways (HSRs) considering proper data
routing paths for each offloaded task [37]. Since handovers are frequent in HSRs, they
focus on how frequent handovers in uplinks and downlinks affect offloading. In [38],
Zhang et al. focus on autonomous manufacturing by considering their delay sensitivity.
To this end, they propose a risk-aware cloud-edge computing framework by developing a
branch-and-check approach for solving the nonlinear programming problem. Yang et al.
propose a machine learning (ML) solution to solve the offloading problem in MEC [39].
They train and jointly optimize the offloading decisions and resource allocation. Li
et al. focus on caching techniques to optimize QoS in MEC [40]. They propose three
algorithms to forecast the next executing task. Moreover, they jointly consider cache

hit rate and load balance of edge servers.

2.1.1.3. Energy Efficiency. Since the battery capacity of IoT devices is limited, and

service providers would like to lower their expenses regarding power consumption of
edge servers, energy efficiency is an important research topic in edge computing. In [22]
authors focus on minimizing the energy consumption and task processing delay in this
study. For that purpose, they develop an evolutionary algorithm that finds the best
trade-offs between energy consumption and processing delay. Song et al. consider min-
imizing the energy consumption of mobile devices when executing corresponding tasks
at satellites [41]. Moreover, their model provides MEC services using LEOs for mobile
devices in disaster areas. Chen et al. investigate energy-efficient offloading considering
QoS requirements of DNN-based smart IoT systems [23]. To this end, they design
a self-adaptive particle swarm optimization algorithm for the corresponding energy-
efficient offloading strategy. In [42], authors develop a multi-armed bandit algorithm
to provide a solution for the server selection problem in edge computing. They define
corresponding reward and cost terms considering the energy and required time in of-

floading rounds. Zhou et al. focus on energy-efficient service migration in considering
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MEC-enabled dense cellular networks [43]. They formulate the service migration pro-
cess as a Mixed-Integer Nonlinear Programming problem. They also use the Lyapunov

optimization technique to decouple the migration process.

2.2. Utilization of Air Units

Air units consist of three main air platforms including LAP, HAP, and LEO.
Therefore we investigated the related works considering each platform and their corre-

sponding issues.

2.2.1. LAP

Since providing Line of Sight (LoS) links has many advantages in terms of connec-
tivity, service provision, and latency, UAVs have been deployed in many areas especially
remote locations. However, this deployment also brings its own issues including mobil-
ity management, UAV networking management, and flight formation [44,45]. To this
end, we categorize and evaluate these issues under trajectory planning, task offloading,

placement of UAVs, and energy consumption.

2.2.1.1. Trajectory Planning. In order to provide efficient on-demand services, trajec-

tory planning is crucial for UAVs [46,47]. Moreover, optimization of the pre-defined
paths based on the dynamic events is also critical for the performance of UAVs in
terms of QoS [48]. Zhao et al. investigate a proactive mobility management solution
for users’ trajectories in order to deploy UAVs dynamically in the network [49]. To this
end, they propose a distributed learning framework in which edge servers are consid-
ered as local data owners that collect connection data. Wang et al. aim at minimizing
the energy consumption of users in the network by considering the resource allocation
and trajectory of UAVs [50]. They propose two solutions: (1) convex optimization
based trajectory control algorithm to minimize energy consumption, and (2) DRL-
based trajectory control algorithm for real-time decisions. Similarly, authors in [51]

propose that the trajectory of UAVs can be approximated using traditional convex
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optimization approaches and discrete variables. Liu et al. optimize UAV trajectories
considering energy consumption [52]. They formulated the problem as Markov Decision
Process (MDP) and proposed DRL with a double g-network. Wang et al. proposed
a multi-UAV communication system for 6G in which they consider UAV trajectories

and radio resource scheduling [53].

2.2.1.2. Task Offloading. One of the most important motivations for the deployment

of UAVs is the computation rate maximization of applications by using task offload-
ing [54,55]. Through task offloading via Line of Sight, the burden on the edge servers
would be alleviated and required QoS can be provided. Seid et al. study on mini-
mization of the computation costs in terms of energy consumption and computation
delay [56]. They propose a Multi-Agent Deep Reinforcement Learning (MADRL)-
based approach in a multi-UAV enabled [oT edge network using a single centralized
SDN controller. In [57], the authors propose an offloading system in which users can
perform partial offloading regarding UAVs and MEC servers. They formulate the prob-
lem as a maximization problem and use the principles of Prospect Theory [58]. Haber
et al. on the other hand focus on mission-critical applications that require ultra-reliable
low-latency computation offloading [59]. They use UAVs considering the maximization
of served request rate and the optimization of UAVS’ positions with the offloading de-
cision. Zhan et al. propose a framework for a multi-UAV enabled MEC system in
order to maximize the number of served [oT devices regarding computation offloading
and resource allocation [60]. Zhao et al. proposed a collaborative task offloading ap-
proach in a multi-UAV multi-MEC system considering energy consumption, and UAV
trajectory [61]. For this purpose, they use a cooperative MADRL method in which
the policy gradient algorithm is utilized. Diao et al. investigate the usage of UAVs
as relay nodes considering emergency conditions [62]. Moreover, they consider energy
consumption minimization by optimizing offloading and scheduling. Zeng et al. fo-
cus on multi-UAV assisted MEC environment in order to maximize revenue of ground
users considering the offloading of multi-user scenarios [63]. To this end, they take
different time sensitivity of each user task into account and construct a two-hierarchy

Stackelberg game framework model. In this model, UAVs are considered as leaders
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performing location deployments and users are the followers that perform offloading
selections. In [64], Shi et al. propose a model-free DRL offloading scheme based on
considering the dynamic channel state, renewable energy utilization, UAVs trajectory,
and tasks offloading ratio. To perform this, they use Twin Delayed Deep Deterministic
Policy Gradient (TD3) algorithm.

2.2.1.3. Energy Consumption. Even though energy consumption is considered as a

performance metric that is evaluated in studies along with the other issues such as
task offloading, and trajectory planning, some studies take energy efficiency into ac-
count as the main problem. Ji et al. consider nonorthogonal and orthogonal multiple
access modes for a UAV-assisted MEC system and focus on weighted-sum energy con-
sumption [65]. To this end, they propose alternating iterative algorithms in order to
optimize UAV trajectory and resource allocation. The goal of Li et al. is to create
a model for UAV-assisted MEC by considering energy-efficient UAV trajectory design
and optimized computation offloading [66]. They also consider partial offloading in this
study. Chen et al. focus on ultra-dense networks considering the resource allocation
problem by maximizing energy efficiency [67]. They used UAVs as flying base stations
(BS) and utilized DQN as the solution technique. Liu et al. aim to minimize the
energy consumption of users by optimizing relay and computing features of UAVs [68].
They use an iterative algorithm to solve the non-convex problem. Li et al. investigate
the optimization of energy efficiency in an UAV-assisted network in which UAVs are
used for an energy station and MEC server [69]. Their goal is to maximize average
energy efficiency in the network by considering user transmit power, user computing
frequency, UAV transmit power, bandwidth allocation, and UAV trajectory planning.

They use a proximal policy optimization algorithm as a DRL agent.

2.2.1.4. Placement. The placement of UAVs is substantial as coverage provides con-

nectivity that enhances the network capacity in terms of the data transmission and
computation [70]. Moreover, their utilization in poorly covered terrestrial regions would

increase end-users QoE [71]. Therefore, placement optimization would be crucial for
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the performance of the UAV-based network along with the trajectory planning [72,73].

In [74], Lui et al. use actor-critic methods in DRL in order to provide connectivity
between UAVs so that they can cover required areas to improve QoS. Wang et al.
optimize the placement of the UAVs considering the offloading decision and resource
allocation in a multi-UAV-enabled MEC environment [75]. They propose a two-layer
optimization method to solve the problem. On the other hand, Yuan et al. focus on the
dynamic placement of UAVs in a vehicular network [76]. They utilize the actor-critic
DRL approach to carry out real-time UAV placement. They also consider UAVs’ flying
range, communicating range, and energy resources. Abdelhakam et al. focus on strong
co-channel interference that can be caused by line-of-sight channels between UAVs and
the ground terminals [77]. To solve this problem, they propose a Coordinated Multi-
Point (CoMP) technique considering the deployment of UAVs in a multi-UAV-assisted

IoT network.

2.2.2. HAP Components and LEO Satellites

Considering the limited battery energy and cell-based coverage of UAVs, HAP
and LEO layers provide important advantages regarding long-distance communication,
energy consumption, and management opportunities. Moreover, their performance
would not be affected by the weather conditions due to their high altitudes as 10 -
30km for HAP components, and 160 - 200km for LEO satellites.

The main goal of the deployment of the HAP components is to provide connec-
tivity such as Internet access, and to perform as a controller node for the UAVs [78,79].
However, in certain circumstances, such as a congestion in the lower layers, they can
be used as an edge computing server or a relay node. Since their coverage is on a re-
gional scale, UAVs that can be considered as dynamic cells can reach the corresponding
resources in a particular area via HAP components. Even though this is one of the
reasons that the deployment of HAP components is generally in urban and subur-

ban areas, maintenance issues based on energy consumption also cause an important
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Figure 2.2. HAPs and LEO satellites provide regional and inter-regional access for

LAP components.

restriction for their deployment in rural areas.

On the other hand, the essential use case of the LEO satellites is to meet the
coverage problems of rural areas where infrastructure for the communication is insuffi-
cient. They can be deployed for months thanks to their efficient energy consumption,
however they are not recoverable after their deployment. Moreover, they cannot be
used for low latency applications due to their high propagation delay. Therefore, they
can be used as a complementary resource for urban and suburban areas in order to get
access to cloud computing solutions in Wide Area Network (WAN). Besides, exploit-
ing services in continental or beyond regional distances would be more efficient using
LEO satellites since terrestrial nodes may cause high latency [80]. Figure 2.2 depicts

reaching regional and inter-regional resources using HAP and LEO layers.

It is important to note that when the LEO layer is exploited, SAGIN is the term
that is generally used by studies to indicate the corresponding communication sys-
tem [81]. In [82], Tang et al. developed an efficient offloading mechanism for SAGIN.
They benefited from the communication between the LEO satellite network, LAP ve-
hicles, and terrestrial resources. To minimize the total delay and to handle the high

mobility of nodes, they proposed a deep reinforcement learning traffic ofoading ap-
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proach. Chen et al. [83] benefit from satellite constellations to apply Federated Learn-
ing considering communication overhead and privacy issues. They use four different
modes including remote cloud learning, onboard satellite learning, federated learning
with data sharing, and federated learning with no data sharing to evaluate the perfor-
mance of their system. On the other hand, Guo et al. focus on service coordination
between different air layers in SAGIN [84]. Therefore they separate the requirements
of the environment using three service coordination scenarios: (1) fine-grained, (2)
medium-grained, and (3) coarse-grained. In the fine-grained scenario, the network in
the air is used as complementary regarding the need for the terrestrial network and
ubiquitous coverage. Considering the delay-sensitive applications, coordination of the
data processing and data communication services is provided by using medium-grained
coordination. Finally, mobility and the corresponding service migration are ensured

using coarse-grained service coordination.

In [85], Zhou et al. investigate dynamic scheduling problem in task offloading
considering SAGIN environment. They deploy UAVs as flying gateways in order to
perform the offloading decision. Considering the dynamic environment, they formulate
the corresponding problem as an MDP and then apply linear programming. Simi-
larly, Cheng et al. focus on computational offloading in SAGIN considering energy
and computation constraints [86]. In their design, UAVs provide edge computing while
satellites ensure access to cloud computing. To learn the optimal policy in a dynamic
environment regarding large action space and mobility, they use an actor-critic DRL
algorithm. In [87], Zhang et al. analyze the architecture and corresponding application
scenarios of satellite MEC. They propose network function virtualization and cooper-
ative task offloading methods in order to integrate computing resources and improve

the efficiency regarding delay and energy consumption.

Resource allocation and controller placement problems are also essential for LEO
studies. In [88], Chen et al. examine the dynamic assignment and placement of con-
trollers in SDN-based LEO satellite networks. They consider two challenges includ-
ing highly dynamic topology, and randomly fluctuating load. To this end, they take
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propagation and queueing delays into account and then formulate the adaptive con-
troller placement and assignment problem considering management costs. On the other
hand, Zhang et al. investigate resource allocation in Non-Orthogonal Multiple Access
(NOMA) terrestrial-satellite networks in which terrestrial and satellite components use
the same spectrum for the communication [89]. Since the original optimization prob-
lem is non-convex, they divided the original problem into three subproblems including
user association, bandwidth assignment, and power allocation. In [90], Dahrouj et al.
focus on the user scheduling in integrated satellite-HAPs-ground networks considering
user-connectivity, backhaul, and power constraints. To this end, they propose a deep
neural network driven optimization for the user scheduling policies. Their online ap-
proach outperforms traditional model-based optimization methods which fail to meet

the QoS requirements.
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3. AIR COMPUTING

A wise deployment of terrestrial servers and air components for the computa-
tional needs will change the traditional methods such as edge and cloud computing.
Therefore, in this chapter, we investigate the computing opportunities that would be
the result of the intelligent communication between terrestrial servers and air vehicles
which we call air computing. These opportunities manifest themselves as an enhance-
ment of QoS and QoE considering both communication requirements and end-user
needs [91,92]. Moreover, as shown in Figure 3.1, we believe that the coordination be-
tween devices and different communication mediums through the air would open new

research challenges that will shape the future of the Internet.

Even though there are many use cases for air computing as we investigate through-
out this survey, we believe that air computing would be especially useful for dynamic
capacity enhancement scenarios considering the battery and energy requirements of air
vehicles. Therefore, air computing is beneficial in cases where the service load exceeds
the capacity of the fixed infrastructure as we indicated in Section 1.1. This load can
be triggered by dynamic events such as sport performances and concerts. Also in the
case of a disaster existing infrastructure may be completely destroyed and air vehicles

become the only remedy.

We foresee that air computing will be the next-generation computation paradigm
as a result of the evolution of MEC [93]. Since the computation paradigm in MEC is
typically restricted with the 2D terrestrial networks in which the resources allocated
for the application tasks in either an edge server or cloud server, system bottlenecks
can limit meeting the diverse requirements of heterogeneous applications. Since air
computing is comprised of different air communication technologies, resource allocation
alternatives are considerably increased when compared with the 2D settings. Vertical

networking structure shown in Figure 3.1 depicts how different applications would use



20

Low Earth Orbit %
—_X
(LEO) @' @'

High-altitude Platform
(HAP)

EX{E
;3
%@

RENY) Computational

Low-altitude Platform N :
(LAP) / / N :)f'ﬂoadlng
¢ vi ) \

= E» \

/ \

/ |
/ ‘\

/ 4

S &ar 7 IS \
‘Computational , n n |
| Offioading EETE——————— |
Vy ‘ AA ’ !
1

Suburban Area e ;
!/

Rural Area

é?. \- é -
Edge Server = - =

Urban Area Cloud

Figure 3.1. Air computing architecture.

different resources to ensure their QoS requirements.

3.1. Air Computing as a New Computational Paradigm

Air computing is a next-generation computational paradigm in which ubiquitous

applications with radical networking and computational requirements are satisfied with

the help of a family of novel communication opportunities. It provides a highly dy-

namic, scalable and responsive computational infrastructure in which terrestrial servers

are harmonized with various air layers including LAP, HAP, and LEO as shown in Fig-

ure 3.1. Moreover, air computing augments traditional 2D edge computing with a

wide spectrum of different computational servers in the air considering a highly dy-

namic context.

Currently in the urban area, users can enjoy the underlying terrestrial resources
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to experience seamless connection based on the available infrastructure. With the help
of edge computing, mobile devices can reach one of the nearest servers for the execution
of their delegated tasks via offloading mechanisms. Despite these advanced approaches,
ever-growing application requirements and increasing user mobility patterns push the
limits of the fixed infrastructure which led to UAVs being deployed for dynamic capac-
ity enhancement [78,94]. Adding a vertical dimension to the network greatly enhances
the possibilities in terms of the interaction of the users with computational resources.
Accordingly, one of the main features of next-generation systems is expected to be their
dynamically provisioned 3-Dimensional (3D) structure which leads to many opportu-
nities in terms of QoS and user experience [95]. In a typical edge computing scenario,
computational offloading would end either in an edge server or in a cloud server in the
2D terrestrial networks. Cloud servers, although providing seemingly infinite compu-
tational capacity, due to latency may be prohibitive or cause low QoE. In that respect,
by adding a new dimension using UAVs and other HAP entities, the overall capacity
is considerably enhanced and access becomes agile which leads to the server selection
process to be more versatile. Since different application types would have instant ac-
cess to the dynamically arranged computational array of resources in the air, as well as
terrestrial ones, this architecture will provide a dramatically increased QoE offerings.
Moreover, air computing will also address users or autonomous entities in the air. A
user in an air vehicle can perform computational offloading to other air units and/or
terrestrial servers, which manifests itself as a capacity enhancement. As shown in Fig-
ure 3.1, the offloading can be directly from the air vehicle or indirectly via routing over

a LAP or a HAP before it is sent to the corresponding server.

A suburban area consists of residential homes and has less population density
than the urban area. Hence, the communication infrastructure is not as pervasive as
in the urban area which results in fewer resources for the computational needs of the
applications. Even though the cloud servers can be reachable via existing infrastruc-
ture, the latency would be high for many applications which require low latency for the
QoS. Therefore, using LAP and HAP layers as the vertical networking for the suburban

areas will increase QoE. The first effect would be on the capacity of the area as new
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resources can be available for the applications of the users. The second influence would
be on the latency since time-critical applications can use the computational sources
of LAP vehicles for their corresponding tasks without using the cloud resources that
cause high delay. Third, the coverage in the area can be enhanced by placing the UAVs

into the corresponding places and the connection would not be interrupted [59, 78].

In the rural area, we assume that there is an environment in which people perform
different activities such as sailing, kayaking, climbing, trekking, and camping. The
essential fact is that the communication infrastructure may not exist or exist with
extremely limited capacity. Moreover, accessing the cloud server is not always possible.
In these circumstances, air computing can be used to meet essential QoS requirements
since users would utilize fundamental resources for their applications. Even though
LAP and HAP platforms are the backbone of the air computing, LEOs are generally
used in rural areas since the replacement and energy refilling could be important issues
for air vehicles such as UAVs. By deploying LEOs as the computational server or as
the relay node that offloads the corresponding tasks to the suitable server, the end-user

can enjoy the benefits of the applications also in rural areas.

3.2. Differences Between Air and Edge Computing

The capacity of the networks considering 2D terrestrial resources is limited to
serve very dense mobile and IoT devices. To solve these issues, air computing provides
a third layer which is the air including LAP, HAP, and LEO layer to enhance the
2D computational paradigm into 3D. The 3D structure is also considered as vertical
networking and it provides important solutions that cannot be given by traditional

edge computing.

As shown in Figure 3.2, one of the most important differences between edge and
air computing is the direction of the computational task offloading. In edge comput-
ing, the direction is horizontal as computational resources are inside the terrestrial 2D

area. Moreover, these directions are always one way that is from the user device to
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(b) Horizontal, vertical and two-way direction in air computing.

Figure 3.2. The effect of the task interarrival time on the image-rendering application.

the corresponding server. An offloading of a task or a request comes from the user
application to the server and then the server process the task in order to give the suit-
able service. On the other hand, in air computing, the direction of the computational
offloading can be both horizontal and vertical. An application would benefit from ter-
restrial resources and air platforms at the same time. Furthermore, the vertical case
of the computational offloading may be in both directions. A typical user in an urban
area can use the resources in the air and, conversely, an application in an air vehicle
can also benefit from the terrestrial servers. The important differences between edge

and air computing are summarized in Table 3.1.
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Table 3.1. Important differences between edge and air computing.

Feature Edge Computing | Air Computing
Network Architecture | 2D terrestrial 3D vertical
Typical Latency < 10 ms < 5 ms

Mobility < 500 km/hr < 1000 km/hr
Coverage Static cells Dynamic cells
Offloading Direction Horizontal one-way | Vertical two-way
Bandwidth Static Dynamic

3.3. Advantages of Air Computing

Air computing has many advantages that can be categorized as offloading, content
caching, latency, computational capability, coverage, and mobility. In this subsection,

we explain those advantages in detail.

3.3.1. Offloading

The main advantage of air computing regarding offloading is the vertical net-
work opportunities. Unlike traditional edge computing which is based on terrestrial
resources, air computing employs a wide variety of computational technologies in air
layers each with a different degree of geographical and mobility capabilities. Moreover,
air components not only add a new physical dimension to the overall infrastructure
but also their ability to be dynamically arranged creates a vision where the system
can swiftly adapt itself to the ever-changing conditions of the users, applications, and
the network itself. This allows air computing to adequately respond to the full spec-
trum of application profiles including ones with stringent latency and computational

requirements.

We can detail the advantages of air computing for offloading in three different
scenarios. In the first scenario, we can assume that a user device in a terrestrial
place decides to offload an atomic task of an application which cannot be processed

in the device itself. Hence, the task can be offloaded to either terrestrial resources or
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air components. If terrestrial servers are selected for the offloading, the corresponding
procedure would be similar to the edge computing process in which the task is processed
on the server and then the results are transmitted to the user. However, in contrast
to edge computing, if edge servers in the terrestrial area cannot serve due to their
limited capacity, the tasks can be offloaded to air components rather than the cloud
servers. This is a crucial advantage of air computing since blockage-free air routes and

dynamically provisioned servers would provide lower latency.

In the second scenario, we can assume that tasks are non-atomic and different
parts of the main task can be processed in different resources in an air computing envi-
ronment as shown in Figure 3.3. Since coverage is not a problem in vertical networking
as in the case of traditional 2D networking, the corresponding partial tasks may be
sent to the terrestrial resources in other regional domains if capacity problems occur
in the air. As the communication would be in very high bit rates and the air resources
would be in the vicinity, the latency may not be an important issue in this situation.
Thus, partial ofoading can be carried out more efficiently in air computing. On the
other hand, if only the terrestrial resources are used for this purpose, this scenario
can cause capacity problems regarding the processing if the number of users and their
corresponding tasks are high with respect to the resources. Moreover, sending partial
tasks to different terrestrial resources may cause congestion in particular parts of the

network regarding the link capacity and user density.

The third scenario for task offloading in air computing is that the tasks can be
offloaded from the air to the ground. This is crucial since without air computing,
users in the air must use the device capabilities, resources of the air vehicle, or relay
capabilities of Geosynchronous Equatorial Orbit (GEO) satellites which results in low
QoE. Now, through air computing, the tasks can be offloaded to terrestrial sources
with low latency and applications can enjoy the benefits of the corresponding resources.
Moreover, since air components can cover a large area, different tasks may be offloaded

to different terrestrial areas.
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Figure 3.3. Subtasks of a single task can be processed by different components of an

air computing environment.

3.3.2. Content Caching

Content caching is one of the important practices in order to access the requested
pages, tools, and applications with low latency. Therefore, content caching optimiza-
tion contains three objectives including QoS guarantee, content popularity, and utility
maximization [96,97]. To this end, hit ratio is used as the primary metric to indicate
the quality of the content caching optimization. Especially, when the storage capacity
of the corresponding servers is insufficient, the quality of the optimization would be

more important.

By using vertical networking through air computing, the capacity is enhanced
regarding two possible methods. First, storage of the air vehicles can be used for this
purpose. As a result, the capacity can be improved and more content can be reachable
by users. In the second method, air components would be used as a relay for the request
and the corresponding content can be reached through nearby terrestrial servers. This

method can provide lower latency than using WAN.
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Even though air computing has important features for content caching in the
urban area, its main advantage manifests itself in suburban and rural areas as the
communication infrastructure is less developed. Considering the fact that even cloud
resources cannot be reachable in rural areas, the importance of air computing would
be better recognized. However, since using UAVs would be less efficient as they need
corresponding battery charging stations which cannot be found in the rural area, HAPs
and LEOs are more suitable to use. As both air platforms can provide content caching,

the QoE of users would be enhanced.

3.3.3. Latency

Regarding the QQoS, one of the most important metrics for a computation paradigm
is latency. Since users would like to obtain the corresponding content or result as
quickly as possible, providing low latency is critical. Air computing makes use of verti-
cal networking opportunities to provide low latency for specific scenarios. This allows
air computing to support diverse application profiles such as remote health, mobile
augmented reality, and natural disaster emergency intervention. In traditional terres-
trial networking paradigms such as edge computing, the range of the servers is crucial
for the latency even though edge servers are located at the LAN or MAN. On the other
hand, as air computing allows for the dynamic placement and provisioning of resources
in places needed, typically latency would be independent of the geographical location
of the users as shown in Figure 3.4. This advantage also provides important stability

in terms of QoE.

3.3.4. Computational Capability

Even though the computational power of the air vehicles is not as powerful as
the terrestrial servers, the tasks of applications can be offloaded to multiple sources to
enhance the throughput. Moreover, by using both terrestrial servers and air compo-
nents, a single task may be partitioned to be processed. Since the data rate would be

higher and latency would be lower in air computing regarding edge computing, using
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Figure 3.4. Air components can be replaced in the environment dynamically based on

the changing user demands in particular locations.
several sources in different layers for a single task would increase QoE.
3.3.5. Coverage

Since air vehicles and their corresponding components are used in air computing,
the end devices will not depend on the static cell infrastructure in which there is a
limited capacity regarding the number of users. As shown in Figure 3.5, this dynamic
cell structure will provide pervasive connectivity which is crucial for the heterogeneity

of future applications.
3.3.6. Mobility

As a result of seamless coverage and pervasive connectivity, air computing pro-
vides high mobility which is over 1000 km/hr. Moreover, since air components com-
municate with each other, handover for the processed tasks of users that are in the

air or terrestrial vehicle is carried out more smoothly. Furthermore, mobility in air
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Figure 3.5. Dynamic cell structure through air components would provide seamless

connection for end-users.

computing can be considered for the users in the air and ground. Accordingly, the

processed tasks can also be sent to the terrestrial servers from the air or vice versa.

3.4. Air Computing Use Cases

The actions that can be taken in air computing are similar to edge computing
as they include computation/task offloading, resource allocation, and resource provi-
sioning. However, since air components provide important flexibility regarding vertical
networking, the use cases in air computing are more versatile than edge computing.

To this end, we elaborate on the potential use cases of air computing in this section.

3.4.1. Natural Disasters

Natural disasters such as earthquakes, hurricanes, tsunami, and floods wreak
havoc on settlements and residential areas. They cause the loss of human lives and
the destruction of important resources that people need. Considering communication
perspective, there would be two important consequences. First, the communication
facilities would be destructed by the natural disaster and as a result people can be
deprived of important resources that cause isolation in the disaster site. This is crucial

for those people affected by the disaster because they cannot obtain the required aid
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which must be given to the heavy injury cases and also to humans that expect to
be rescued. Without communication resources, the outcome of the disaster would
be much worse. Secondly, even in the cases where communication facilities are not
seriously damaged, bursty traffic caused by people that want to make an emergency
call and to reach their friends, and relatives brings about congestion in the network.
Note that this congestion can be also caused by the people outside the disaster site
since they also would like to reach the people that are affected by the disaster. Similar
to the first case, as a result, people can be isolated in the disaster site so that the

outcome of the disaster would be heavier.

Considering both cases, the essential requirement for providing the communica-
tion and computation in a disaster site is to enhance the capacity dynamically. This
can be carried out by using air components of air computing including UAVs, HAP
vehicles, and LEOs [98,99]. Note that the utilization of those components depends on
the disaster type. For example, if the disaster is a hurricane, UAVs and HAP vehicles
cannot be used during the disaster. Similarly, if the disaster is an earthquake or a
flood, using UAVs would be more effective considering the latency which is a crucial

metric for these scenarios.

3.4.2. Well-being Monitoring

In the event of a medical crisis elderly people who suffer from chronic diseases
may require real-time action where high latency would be fatal, especially in rural ar-
eas. Therefore, well-being monitoring must be provided such that the latency should
not be destructive for the patients. As traditional methods may not ensure low la-
tency, air computing can be used for this purpose [100,101]. For the urban areas, air
computing may be utilized as the complementary resource regarding capacity since
the corresponding wireless networks can handle most of the requests. On the other
hand, for suburban and rural areas, air computing would be the primary resource for
well-being monitoring. By using the coverage, latency, and data rate advantages of air

computing, the Quality of Life (QoL) of those patients can be enhanced.
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3.4.3. Remote Health

The issues in remote health are similar to those in well-being monitoring, however
they are more critical as medical operations are carried out in this case. The scope
of remote health includes the actions of doctors and monitoring the results of those
actions on the patients in operations. Moreover, critical life-related metrics such as
heart beating, and adrenalin level must be constantly monitored in the operation.
To this end, air computing provides important opportunities in this area through its
paradigm and corresponding components. For example, if the patient or doctor cannot
move from one place to another due to several reasons, the operation can be carried

out from a remote area where the doctor leads it.

3.4.4. Real-time Video

Since real-time video requires a constant bit rate through the lifetime of the
video, ensuring the desired QoE is more difficult than the video on demand systems in
which the delay can be compensated using dynamically changing buffers. This issue is
experienced differently by two main use-cases: (1) real-time conferences/calls such as

Zoom and Skype, and (2) watching sports activities.

The fundamental problem in the real-time video for sports events through the In-
ternet is that viewers obtain the content with higher delay regarding terrestrial broad-
cast. As a result, QoE reduces significantly as viewers may hear the sound of terrestrial
broadcast viewers when an important incident has occurred in the event including a
football or basketball competition. On the other hand, in conferences and calls, the
video can stall or the voice cannot be synchronized with the video due to jitter or

congestion in the network.

Air computing can provide a possible solution which proposes a novel architecture
for video streaming using air components as shown in Figure 3.6. In this solution, the

video segments are routed via different components including terrestrial servers, UAVs,
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Figure 3.6. Various representations of the video segments as conveyed by different

components of air computing.

HAP vehicles, and LEOs based on the current requirements of the network and video.
Note that this approach may bring about its own challenges considering scheduling
and management of segments and user profiles. However, by using the underlying
technology and novel utilization of the air components, the problems above can be

solved.

3.4.5. Mobile Augmented Reality

Augmented Reality (AR) in which the real and virtual objects are combined has
been used in many application areas including entertainment, healthcare, and education
[102]. Moreover, since they perform in real-time, augmented reality applications are
delay intolerant in order to provide satisfactory QoE for end-users [103]. Especially,
after the widespread usage of smartphones with their expanded capabilities, augmented
reality applications are widely deployed. To this end, AR is recently named as Mobile
Augmented Reality (MAR).
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The most significant difference between AR and MAR is their processing methods.
While traditional AR applications perform in-device processing, MAR uses offloading
to carry out corresponding computations [104]. The main reason for offloading in
MAR is the limited capacity of mobile devices regarding battery and CPU. Therefore,
edge and cloud computing have been broadly utilized by MAR applications in recent
years. However, since the application requirements of MAR has changed over the
years, traditional edge solutions may not be sufficient to provide required latency and

capacity.

Air computing can solve the issues related to MAR including scalability, latency,
and expected data capacity indicated in [104]. The scalability problem can be handled
by multiple components of air computing that can be reachable via seamless connection.
Even though users are outside of the urban areas, air components can handle MAR
tasks considering latency. Moreover, a huge amount of data can be transferred using

the advantages of 3D network structures.

3.4.6. Sport and Concert Activities

The communication infrastructure in terrestrial areas is built considering fixed
resources in which once the facility is deployed, it can be changed with difficulty and
significant additional cost. Considering Capital Expenditures (CAPEX) and Operating
Expenses (OPEX) of companies, investing on fixed resources was plausible over years.
For example, if there are limited resources such as base stations for users that increase
in years, improving the capacity which means adding new base stations could be the
solution for this problem. However, especially after the proliferation of the versatile
application types in smartphones, the fixed infrastructure may not be sufficient for the

user needs that change dynamically.

One of the most important examples of this situation is the sport and concert
activities where thousands of people rally and use their applications. Statically built

infrastructures undergo a significant amount of traffic and computational offloading
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Figure 3.7. Dynamic network capacity enhancement by air components for

organization with intense participation.

which may be an order of magnitude higher than the expected requests. Even though
network slicing, Network Function Virtualization (NFV), Software-Defined Networks
(SDN), and edge computing are used to provide a solution, the issue is still open. On
the other hand, by using air components and directing them to the corresponding places
where activities occur based on the current network requirements, we can increase the
capacity of the network dynamically [105] as shown in Figure 3.7. Hence, even though
the network resources cannot meet the number of application requests, new resources
and routes can be created through air computing. As a result, QoS and QoE would be

enhanced.

3.4.7. Outdoor Activities

Since people that perform outdoor activities including sailing, kayaking, climbing,
and trekking may not access corresponding resources due to lack of communication
infrastructure, they can face isolation in the natural environments. This situation
would be crucial considering several issues. In the case of an injury or a health problem

such as a heart attack, emergency services must be accessed immediately in order
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Figure 3.8. Leveraging communication through air computing for outdoor activities.

to obtain the aid. Regarding the current networking conditions, the communication
and computation from secluded areas including sea, mountain, and forest cannot be
provided properly. Thus, even though there would not be such a problem, people
carrying out the activities do not feel safe about those possible issues. Apart from the
health, daily routines such as social media, communication via chat, and telephone call
also cannot be carried out in those conditions. Hence, even though those activities

provide important relief for people, their life quality may have deteriorated.

Through air computing, the issues for outdoor activities can be solved as shown in
Figure 3.8. By deploying UAVs, HAP vehicles, and LEOs in suitable places, people in
secluded areas can reach important contents and communication infrastructure [106].

We assume that HAP and LEOs would be more useful for such activities as UAVs may
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face battery reload problems which is similar to the situation in rural areas.

3.5. Challenges and Future Research Directions

Even though air computing can solve many issues related to the limitation of
current networking paradigms, it would face many challenges such as network architec-
ture, regulation of air vehicles, battery issues, coverage, and a communication protocol.
Considering the fact that UAV communication between different devices causes many
challenges [107], applying different vehicles in the air and providing communication

between them is not trivial.

Therefore, all of these issues must be investigated thoroughly in order to apply
the air computing paradigm correctly. On the other hand, these challenges open new
research areas regarding the provision of QoS, energy efficiency, determining air vehicle
placement, and the deployment of Al In this section, we elaborate on those challenges

and corresponding research opportunities.

3.5.1. Challenges

We evaluate challenges considering the architecture design of air computing, cor-

responding protocol, and flying vehicle regulations.

3.5.1.1. Air Computing Architecture Design. Since air computing has a 3D structure

with four major layers including terrestrial, LAP, HAP, and LEO, the networking
architecture in terms of offloading mechanism and routing is crucial [108]. One of the
main concerns in networking is how the requests would be handled considering the mesh
connected different nodes in the 3D structure. To investigate this, we propose three
candidate design approaches including hierarchical, free, and hybrid designs. Moreover,
we also make a comparison between a distributed approach and orchestration in air

computing regarding task offloading.
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Hierarchical Design - As the name suggests, there is a systematic order between
air computing layers in the hierarchical design as shown in Figure 3.9. If a task is
offloaded from a user in a terrestrial network, the selection of the corresponding server
for the computation is handled by another entity in the air computing environment,
not by the user. For example, if the service for the corresponding application task
can be met in one of the HAP vehicles due to network conditions, the task is routed
regarding a predefined path rather than directly transmitted to the corresponding HAP
component by the user. Therefore, the task is first sent to the nearest edge server in
LAN. If the edge server cannot process the task because of its high load or its service
incapability, the task is relayed to one of the UAVs in LAP. Note that we assume that
the corresponding edge server is in the vicinity of the UAV. Next, if the UAV similarly
cannot execute the task, it relays the task to one of the UAVs in its vicinity, one of
the available edge servers on the ground, or one of the airplanes in HAP. Since the
corresponding service has been given in HAP in this case, the task is pushed to the

HAP.

Even though the hierarchical design provides important manageability through-
out the air computing environment, it may face high delays due to its layered structure.
Based on the use cases and user profiles, it can be applied in the network for specific

areas.

Direct Access Design - In contrast to the hierarchical design, in direct access
design, IoT devices in an air computing environment can select the corresponding
server to meet the requirements of their tasks as shown in Figure 3.10. As a result, if
the corresponding sender knows which server provides the required service, it offloads
the task directly to the appropriate layer through the seamless connectivity feature of

air computing.

However, this free access for each device in the network would cause congestion
and underutilization of the resources. In terms of congestion, if a service is given by a

particular server in the network, all devices which require the service may offload their
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Figure 3.9. Architecture of the hierarchical design.

task to that server. As a result, communication links and server capacity would be
heavily affected by this situation. On the other hand, if devices use particular servers
in the network due to low delay, high processing, and energy efficiency, some resources

would be underutilized.

Hybrid Design - Considering the advantages of hierarchical design and direct
access design, a hybrid design would be applied in an air computing environment. For
the urban areas, in which the network is extremely dense, the application of hierarchical
design would be more suitable in order to prevent underutilization and congestion cases.
Moreover, the delay issue in hierarchical design can be covered by diverse resources

regarding the provision of different services, and seamless connectivity.

On the other hand, considering the suburban and rural areas, the utilization of

direct access design would be more convenient since the infrastructure in those areas
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Figure 3.10. Architecture of the direct access design.

is limited. Therefore, direct access to the corresponding servers can be of benefit in

terms of delay.

3.5.1.2. Air Computing Protocol. As there are many different entities in the air com-

puting environment, the communication between them should be carried out based on
predefined rules, which are defined by a protocol. An air computing protocol should
be reliable, secure, and fast so that the entities carry out communication easily [109].
Moreover, it should facilitate the management of the network as it must provide data

integrity.

3.5.1.3. Flying Vehicle Regulations. Since each country has different regulation poli-

cies considering flying air vehicles, the entities in an air computing environment should
comply with those corresponding rules. Moreover, the air computing protocol should

also be in compliance with regulations as reliable and fast communication is vital for
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flying entities in the air. On the other hand, considering the existing cellular network
infrastructure, the standardization between existing resources and newly deployed air

computing devices must be investigated for 6G and beyond [110,111].

3.6. Future Research Directions

We examine future research direction considering request management, deploy-
ing artificial intelligence, energy issue of air vehicles, and movement/coverage of air
vehicles. We believe that these directions provide important research opportunities for

researchers.

3.6.1. Request Management

In an air computing environment, handling user and IoT requests are crucial
to meet the required QoS. Moreover, since there are different layers in the air, the
request management would be more complex than other networking paradigms such as
edge computing. Even though architecture design is essential for request management,
deciding where to offload and when to offload is crucial for the performance. To this
end, the benefits of a distributed system and an orchestrator-based system must be

investigated thoroughly.

A distributed system in air computing can be described such that the device which
offloads the task takes the decision of where to offload. For example, users can select
one of the edge servers for offloading, or an edge server relays the offloaded task to one
of the UAVs without consulting any intermediate device. One of the most important
advantages of a distributed system is its scalability and its low latency. Since there
is no intermediate element considering the offloading, the transmission of the request

would be faster.

On the other hand, it has a significant drawback considering the current state of

the network. An offloading device in the environment cannot be aware of the current
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condition of the corresponding servers and network elements in terms of the load of
the servers, and the number of requests that may affect the communication links.
Therefore, if there is no additional communication regarding this information, the
decision taken by the offloading device would cause a failed task ofoading. Moreover,
note that if an additional communication mechanism is deployed in the environment,
it must be well-optimized so that the communication links cannot be affected by the

transmission regarding congestion.

In contrast to distributed systems, an orchestrator to which the tasks are first sent
by the offloading devices can be used in different parts of an air computing environment.
In such a system, a user can directly offload tasks to the orchestrator. Here the decision
of where to offload is taken by the orchestrator which has full access to the current

system state regarding the communication links and corresponding servers.

Even though it has advantages, several points must be investigated and optimized
in an orchestrator-based system. First, the deployment of the orchestrator is crucial
for the performance of the system since many entities in the network may send their
corresponding requests. Therefore, it should be reachable in a suitable time so that
it can relay those requests without violating the maximum delay requirement based
on application type. Second, the centralized deployment of an orchestrator results
in a single point of failure such that the corresponding portion of the network would
be heavily affected as users and IoT devices cannot offload their tasks. To this end, a
fault management system should be considered with the deployment of an orchestrator.
Finally, third, the cost of an orchestrator in terms of new communication links, delay,

and congestion must be minimized for the system performance.

3.6.2. Deploying Artificial Intelligence

Considering the diverse requirements of various applications and IoT devices in

an air computing environment, traditional optimization-based solutions and heuristics

would provide limited solutions. Therefore, the application of Al-based solutions will
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be inevitable. Especially, regarding edge and UAV-based systems, there are already
many studies which benefit from Al-based solutions including ML, Deep Learning (DL),
and DRL [112-114]. As a result, along with the requirements of the air computing

paradigm, novel Al solutions should be applied to meet new challenges.

Since there are many resources that produce an enormous amount of data in an
air computing environment, processing them and then learning meaningful patterns
considering the performance of the system can be feasible using ML techniques. How-
ever, in recent years, DL solutions have been preferred rather than traditional ML
algorithms since DL is more successful in terms of training, non-linear transformation,

efficiency, and required computing power [115].

Even though DL solutions are preferred in recent studies, the data collection
phase in an air computing environment would cause serious degradation of system
performance. First, the huge amount of data can bring about congestion problems on
communication links. Second, for such a heterogeneous environment, providing the
privacy of the data would be difficult. Therefore, applying Federated Learning (FL)

solutions would be more suitable with air computing [116,117].

On the other hand, since many decisions must be taken based on dynamic events
in the air computing environment, and they may not be labeled due to the nature of
the problem, supervised ML and DL based solutions would be inadequate. To this
end, recent studies benefit from DRL in which the agent can learn directly from the
environment without needing human interaction [118]. The agent in an air computing
environment can be the orchestrator, UAV, or edge server since they take actions based
on the current state of the system. Thus, we believe that future studies can consider

the deployment of DRL solutions along with FL.
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3.6.3. Energy Issue of Air Vehicles

The vehicles in air layers use either batteries or fuel. Therefore, their deployment,
trajectories, and computing capacities should be well-optimized to ensure energy effi-
ciency. Energy-related issues are currently evaluated regarding edge and UAV studies.
However, considering all layers of air computing, a collaboration between different air

vehicles can reduce energy consumption further.

3.6.4. Movement and Coverage of Air Vehicles

Even though deployment is an important research issue for 2D terrestrial net-
works, this problem is more difficult to manage as air vehicles move. Moreover,
since their coverage, transmission quality, and power consumption are heavily af-
fected by their vertical movement, optimization of their altitude and trajectory is
crucial [119,120]. Therefore, request management can be handled along with this

optimization in order to provide efficient performance.
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4. DEEPEDGE: A DEEP REINFORCEMENT LEARNING
BASED TASK ORCHESTRATOR FOR EDGE
COMPUTING

The number of end-users increases dramatically that causes tremendous amount
of data in networks by using applications which have diverse requirements. Even
though the cloud computing solutions have been used to cope with those application
requirements, it is insufficient considering the high data rates, real-time response re-
quirements, vast amounts of data, and user mobility [14]. Thus, edge computing is

recently applied in order to manage the diverse demands of networks [121].

Edge computing is an umbrella term [12] that encompasses several similar tech-
nologies including Cloudlet [9], MEC [10], and Fog Computing [11]. The idea behind
the edge computing is to provide services to applications in a LAN or MAN without
routing the offloaded tasks to the WAN which causes high service delays that may
affect QoS. The expectation from an edge network is that the user can offload its tasks,
which cannot be performed on the device, to the corresponding edge server. As a re-
sult, end-users can rapidly access and exploit computational resources, and the core

network is relieved.

An edge computing environment is one of the most dynamic and heterogeneous
environments since it may consist of multiple edge servers, different services, tasks,
technologies, and user profiles. Therefore, deciding where and how the offloaded tasks
must be processed in the edge network is crucial. The methodology of this decision
is called task orchestration. The primary job of the task orchestrator is to determine
whether the offloaded tasks of the users are processed in the cloud via WAN or in
the edge via LAN/MAN. Afterwards, if the requested service is available in the edge,
the orchestrator should choose the corresponding edge server based on several metrics
including delay, length of the task, data rate, and utilization of edge servers. A typical

architecture of an edge computing environment that consists of the IoT, edge, and
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Figure 4.1. A three-tier edge computing network.

cloud tiers is shown in Figure 4.1.

A task orchestrator should be scalable and adaptive since the requirements of
the applications and mobile networks may change over time due to their dynamic
and heterogeneous nature. Since many parameters must be taken into account, such
as delay requirements, length of the task, data rate, and utilization of edge servers,
traditional rule-based orchestrators would be insufficient to make an accurate decision
considering the constraints of the problem. Therefore, a policy must be created in an

intelligent way and applied such that the unique demands of the applications are met.

Considering the dynamics of the edge computing networks, the policy for task or-
chestration should be learned from the environment in order to make accurate decisions.
DRL is widely used to implement decision-making systems modeled by a MDP [122].
The most important advantage of the DRL is that the agent learns the environment
dynamics on its own using the reward mechanism of the system without any human
interaction. Therefore, ranging from the communication needs of unmanned aerial

vehicles [123] to spectrum allocation studies [124,125], DRL solutions are applied re-
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cently in computer networks. Task offloading in edge computing is one of the areas in
communication that DRL is also performed [126,127]. We give their details and also

explain what features make our study unique in Section II.

In this chapter, we introduce our DRL-based task orchestrator, DeepEdge, that
is able to meet the dynamic needs of different application types including image ren-
dering, infotainment, pervasive health, and augmented reality under various loads. We
designed detailed simulation experiments to evaluate the performance of our proposal
in a realistic setting where computational and network level factors are varied. We
compared the results with several decision-making systems including the recently de-

veloped Fuzzy Logic approach [128].

4.1. DeepEdge

Mobile networks are one of the most dynamic and heterogeneous environments
since they consist of multiple edge servers, different services, tasks, technologies, and
user profiles. Therefore, deciding where user tasks are offloaded to is a critical and NP-
hard problem [10]. In our design, we assume that a mobile device has already taken
the offloading decision. The main goal of our design is to minimize the failed task rate
in the network by using the autonomous policy of DRL, even in the heavily-loaded

scenarios.

4.1.1. Challenges of Applying DRL on Edge

Even though task orchestration requires a corresponding policy suitable for the
concept of DRL, ensuring essential points in a real-time and dynamic environment is a
complicated operation. There are four challenges to apply DRL in the edge computing

environment:

e Since tasks are generated by multiple users from multiple applications, guaran-

teeing the Markov property is a crucial challenge. The transition from one state
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to its next state should display the change of the environment for the given ac-
tion that is fundamental for MDP. Therefore, the state representation must be
carefully defined in order to apply DRL on edge accurately.

The delayed action effect is another imperative challenge due to the fact that
the performed action may not immediately affect the network attributes which
describe a state for DRL. As a result, there is an important risk that a state and
its next state would be the same. An action in MDP must cause a change for its
next state like in Atari games [129] in order to carry out DRL.

The third important challenge is the stochastic environment because of different
application tasks. Since task orchestration is modeled considering that each in-
coming task indicates a state in the system, applying an action would not assure
that the next state is the expected state for the edge environment.

The last challenge for this study is that we would like to implement the DRL
agent which can learn online rather than using historical data. Related with
the delayed action effect, online learning also needs a suitable architecture to

implement.

4.1.2. Providing MDP on Edge

The DRL is based on the MDP which ensures the mathematical framework to

model decision making systems. MDP is formally defined as a 4-tuple < S, A, P, R >

where

S is the set of all valid states where s € S

A is the set of all valid actions where a € A

P : SxA — P(S) is the state transition probability function that provides the
probabilty of P(s;, s441) = Pr(sgs1 = ' | $¢ = s,a;, = a) in which taking the
action a as the decision at time t change the current state s; to sy 1.

R : SxAxS — R is the reward function that defines the reward r for the taken

action a at time ¢ considering the state transition such that r; = R(s;, at, S41)-
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Figure 4.2. Because of the characteristics of the edge computing environment, two
consecutive states would be the same regarding the application and network
attributes that define the states. This is impractical for DRL since the Markov
property may not be ensured. Therefore, we use four supplemental attributes for each

state to identify them uniquely.

The agent takes an action based on the observation it gets from the environment
so that it can apply a deterministic policy m for a given state which is defined as
m(al|s) = P(a;=a| s =s). For the popular implementations of DRL such as Q-
Learning, DQN, and DDQN, MDP must be provided for the environment so that the

agent can develop a successful policy for its decisions.

MDP is essentially based on the Markov property in which the next state depends
only on the current state. In other words, s;,; depends on s;; it is not determined by
St—1, St—2, --- , S1, So. Markov property is formulated as in Equation 4.1. If {s¢, s1, s,
...} is a sequence of discrete random variables, then the sequence is a Markov chain if

it satisfies the Markov property as

P(si41 =5 81,811,812, .-, 51,50) = P(si41 =5 | 8¢) . (4.1)

Since the edge computing environment is real-time and extremely dynamic, en-
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suring Markov property is not a trivial task. As shown in Figure 4.2, the orchestrator
may send the offloaded task to the Edge Server 4 regarding its load which is 70.2% at
s;. However, if there is another similar task for which the edge server has allocated
its resources and it is completed before the arrival of the offloaded task, the load of
the edge server would not change at s;.1. Moreover, if the s, consists of the same
application attributes and network attributes, the Markov property cannot be satis-
fied. Note that this scenario for the load of an edge server is also valid for the load of
MAN. This is impractical for DRL that works with the unique states which provide
the Markov chain.

In order to solve this problem, we add four supplemental attributes, which are

described in Section 4.3 along with other attributes, for each state:

Number of Offloaded Tasks to WLAN
Number of Offloaded Tasks to MAN
Number of Offloaded Tasks to WAN
Number of Active MAN Tasks

By adding them, we can identify each state uniquely throughout the edge com-

puting environment so that we can satisfy the Markov property for the implementation

of DRL.

4.1.3. State Representation

In DRL, a state is defined when the agent takes an action. Considering our
system architecture, the agent is the orchestrator that takes action when a task comes
to the orchestrator in order to be offloaded to the corresponding edge or the cloud
server. Note that since each incoming task is produced by a mobile device by following
a Poisson process, the time between consecutive states is exponentially distributed.

Thus, we define a state s at which the orchestrator makes a decision for the task.
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Figure 4.3. The state transition in an edge computing environment consisting of two

edge servers.

There are two fundamental feature sets for the state representation in our ar-
chitecture due to different application requirements: app attributes and network at-
tributes. App attributes indicate the individual requirements of the applications in
order to ensure their QoS and to identify the corresponding state. On the other hand,
network attributes describe the current condition of the network. Thus, a transition
between two consecutive states in a stochastic environment would be as in Figure 4.3
and the transition probability Pss’ is defined as Pss’ = P (syy1 =8 | st = s,a; = a).
However, even though the taken action changes the environment through four supple-
mental attributes we add, the action does not fully determine the next state due to the

Poisson fashion of the different applications run by multiple users.

In this study, we use ten features in which three of them indicate app attributes,
while seven of them are related to the network condition. On the other hand, since the
number of edge servers varies based on the network configuration, the attribute that
shows the current load of an edge server depends on the environment. The attributes

of a state are given in Table 4.1.

For the definition of a state we use WanBw, ManDelay, NumberOfTaskToWLAN,

NumberOfTaskToMAN, NumberOfTaskToWAN, NumberOfActiveMANT, and Load OfEdge-

Server[N] as network attributes. On the other hand, TaskReqCapacity, DelaySensitiv-



Table 4.1. Attributes of the state.

Attribute Description

WanBw Remaining WAN data rate of the network.
ManDelay MAN delay of the network.

TaskReqCapacity Required capacity of a VM to process the given task.
WianID Wilan ID of mobile device generating the given task.

DelaySensitivity

Indicating whether the task is delay intolerant or not.

Its value is between 0 and 1.

o1

NumberOfTaskToWLAN | The number of tasks offloaded to WLAN.

NumberOfTaskToMAN The number of tasks offloaded to MAN.

NumberOfTaskToWAN The number of tasks offloaded to WAN.

NumberOfActiveMANT | The number of tasks offloaded to MAN but have not
arrived their destinations yet.

LoadOfEdgeServer[N] The active load of an edge server. There would be N

number of edge server in the network.

ity, and WlanID attributes are used for tasks to indicate their QoS requirements and
location of offloading. WanBw, ManDelay, and LoadOfEdgeServer refers to the recent
conditions of the WAN data rate, MAN delay, and load of the edge servers, respectively.
Note that, LoadOfEdgeServer[N] includes the information of all of the edge servers in
the network so that the N is the variable that represents the number of edge servers.
As a result, for example, if there are N edge servers in the network, the corresponding
state includes 6 + N network related attributes. Hence, along with the application
related attributes, the state consists of 9 + N attributes in total. We demonstrate an
example state transition in Figure 4.3 considering the scenario in which there are two

edge servers in the environment.

The other network attributes including NumberOfTaskToWLAN, NumberOfTask-
ToMAN, NumberOfTaskToWAN, NumberOfActive MANT are self-explanatory. We in-
crease corresponding values if the tasks are ofloaded through WLAN, MAN, and WAN,
respectively. Considering application attributes on the other hand, TaskReqCapacity
indicates the required capacity for the offloaded task regarding edge servers. DelaySen-
sitivity refers to the level of application tolerance to delay so that corresponding action

should select WLAN edge server, MAN edge server, or the cloud server wisely. Finally,
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WilanID specifies from where the task is offloaded so that the agent can identify which

edge server is local for the user.

4.1.4. Action Space

The actions of an orchestrator are limited considering the number of edge servers
in the network and the cloud server. Therefore, if there are N edge servers, the orches-

trator selects one of the N + 1 decisions as an action a; € {ay,as,...,any1}-

The actions are taken by the neural network part of the orchestrator regarding
DRL. When an offloaded task comes to the orchestrator, the current state of the
environment is given to the neural network as an input for action. The corresponding
generic neural network model is shown in Figure 4.4. Considering the NV edge servers
in the network, the input features are defined regarding the state of the environment,
which is 94+ /N. Based on the network condition and the expected number of users, there
would be several hidden layers that consist of multiple neurons. Since the orchestrator
determines the corresponding offloading decision among N + 1 possible choices, as
a; € {ai,aq,...,an11}, the size of the output layer is equal to the number of edge

servers and the cloud server.

Even though the action space is limited so that the increasing number of tasks
would not affect the decision performance of the orchestrator based on the neural
network, there is a limited area including several edge servers for which an orchestrator
is responsible. We assume that the orchestrator resembles the controller in a Software-

Defined Network. Thus, for larger areas, several similar orchestrators will be needed.
4.1.5. Reward Mechanism
As a DRL agent, the long-term goal of the orchestrator is to minimize the failed

task rate by making successful offloading decisions. In other words, the orchestrator

finds a policy m(s;) that maximizes the expected sum of future rewards at s; by taking
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Figure 4.4. The generic deep neural network model for DeepEdge.

the corresponding action a; to the s;,1, such that
R, = Z v * R(si, si+1) (4.2)
i=t

where v € [0, 1] is the discount factor to indicate the importance of the immediate or
long-term rewards, and R; is the long-term reward. We define the reward for each state
transition so that if the offloaded task is successfully completed, we assign R(s;, s;11) =

1, otherwise R(st, S¢41) = —1.

Since our objective is to maximize the number of successfully offloaded tasks, we
formulate the reward function regarding the individual success so that the cumulative
reward would reflect it. It is important to note that if our objective consisted of the
minimization of the service time or processing time, the reward mechanism would be
different for our system. Moreover, since the orchestrator treats each task equally, it
takes the same reward for each offloaded task depending on its decision. We do not
apply any prioritization for different applications. However, if needed this could easily

be employed.
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4.1.6. Applying DDQN on Edge

In order to achieve its objective function of maximizing the expected sum of
future rewards, a DRL agent should choose actions under a deterministic policy 7 (s;)
that also maximizes the action-value function, Q. (s, a;), which is also named as the

Q-function. Therefore, under a policy 7, the value of an action a; in a state s; is
Qr(st,a)) = E [Rt | s = s,a; = a] (4.3)

where R, is defined in Equation 6.20. As a result, an optimal policy is to select the

highest valued action in each state such that

7(s0) = argmax(Q(sy, ) (4.4)
where o’ indicates the set of all possible actions.

In the enhanced DQN algorithm [129], there is a target network along with the
experience replay in addition to the online network to carry out a smoother learning
process. The target network has the same configuration as the online network in terms
of the network size and number of the hidden layers. The only difference between them
is the network parameters. The online network parameters, 6;, are copied to the target
network having parameters 6, for each 7 step, and both of them are fixed in other

steps. Thus, the target in DQN is determined as

2 = R, (51, St41) +7 % Q(Se41, arg max Q(s141,d0, )0, ) - (4.5)

However, as investigated in [5], the DQN algorithm causes overestimation of the target
values since the target network is used for both selecting and evaluating the action.
Thus, in this study, we use the DDQN algorithm [5] in which the online network is

used for the selection of the action, and the target network is exploited for evaluating
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the action as follows

2t = Ra,(St, St+1) + 7 % Q(St41, arg max Q(si41,a;6;);6;) . (4.6)

Note that the learning objective of the orchestrator is to minimize the temporal differ-

ence error, §;, of Qr(s;,a;) regarding the target value z;:

O =| Q(se,ai) — 2z | . (4.7)

4.1.7. The Delayed Action Effect

In DRL, the agent gets the next state information from the environment imme-
diately and updates its parameters based on the result of the value function, which is
the reward. Since the next state information is a direct result of its action, the agent
updates its parameters accurately. However, in our problem, because of the service
time, MAN delay, and WAN delay, the agent cannot immediately get the next state
information which is the outcome of its action. This is an important issue since the
agent cannot learn the dynamics of the environment as it cannot observe the effect of
its actions instantaneously. To solve this delayed action effect, we adapt DDQN into

our environment as shown in Figure 4.5.

In our solution, we use memory items each of which holds 5-tuple information
including state, next state, action, value, and isDone elements. These elements are
essential for the DDQN algorithm in order to feed the agent’s memory considering the
experience replay and the neural network. After an action is taken, traditionally, they
are given to the agent immediately. Since we cannot provide the effect of the action
immediately due to our environment, we first insert the state and action elements of
the current task into a memory item. Note that since each state is also the next state
of its previous state, except for the very first state of the system, we also insert the

state into the memory item of the previous task. By using the same fashion, the next
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Figure 4.5. 5-tuple memory item structure to feed the DDQN algorithm.

state is filled for our current task. Afterwards, when the result of the current task
is available in the environment, we place the value, regarding the reward mechanism,
into the memory item. Moreover, if the task is the last task in the system, we set the
1sDone element as true. Note that indicating the last element is also imperative in the
DDQN algorithm in order to ensure MDP. Finally, if all elements of a memory item
are set, it is sent to the memory of the agent considering the experience replay which
is used to feed the online network for training. Thus, we can perform online training
by overcoming the delayed action effect. We also give the details of our scheme in
the corresponding algorithms shown in Figure 4.6 and Figure 4.7, respectively. Since
DDQN is a well-known algorithm, we only give the steps of our approach until DDQN

is fed by a memory item in the algorithm shown in Figure 4.7.

In the algorithm given in Figure 4.6, our input is the task and our goal, the output,
is the creation of the memory item considering the delayed action effect. To this end,
we first create an empty memory item in the first line and get the currentState. When

the agent takes the action, we store this information in the action variable and increase
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1:

2:

3:

4:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

22:

Input: task

Output: action a; and memory item of task

mltem < CreateMemoryltem()
currentState < GetState()
action <— agent.doAction(currentState) // using online network
if action = FEdgeServerO fTheTask then
NumberO fTaskToW LAN++
else if action = Other EdgeServer then
NumberO fTaskToMAN++
else
NumberO fTaskToW AN+-+
end if
mltem.currentState <— currentState
mltem.nextState < null
mltem.value < null
mltem.action < action
mltem.isDone < false
stateToMemItem(currentState.id, mItem)
if stateToMemItem(currentState.id — 1) # null then
previtem < stateToMemlItem(currentState.id — 1)
previtem.set NextState(currentState)
end if
taskToState Pair(task, currentState)
O f floadT askToDestination(action, task)

Figure 4.6. The algorithm of handling the incoming tasks considering the delayed

action effect.

the corresponding values from line 4 to 10 considering to where the task is offloaded.

Those values are used as features for the next state. Afterwards, from line 11 to 16, we
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Input: A completed task
Output: training of neural networks
1: if task = isFailed then
2:  reward < —1
3: else
4:  reward <1
5. end if
6: state < taskToState Pair(task)
7. if stateToMemlItem(state.id) # null then
8:  memlitem < stateToMemlItem(state.id)
9:  memltem.reward < reward
10:  if task.id = 75000 then
11: memltem.isDone < true
12:  end if
13:  if memItem.nextState # null then
14: agent. DDQN (memlItem) //which saves the memory item into the
agent’s memory for the experience replay
15:  end if

16: end if

Figure 4.7. The algorithm of handling completed tasks and memory items.

fill the memory item with the corresponding values. Since we do not know the value and
the next state information, null is assigned to those elements initially. Next, we store
the (currentState, memoryltem) tuple into the stateToMemItem dictionary in order
to change the memory item when we obtain the result of the task. If the current state
is not the first state in the environment, we set the next state element of the previous
memory item as the currentState. Finally, we store the (task,currentState) pair in
the taskToState Pair dictionary and then offload the task to the destination based on

the selected action. As a result, the time complexity of the algorithm is based on the
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feedforwarding operation of the online network considering the worst-case. Therefore,
the multiplication of the online network parameters and the corresponding state values
in the doAction method in line three define the time complexity. On the other hand,

the space complexity is based on the size of the created memory item.

In the algorithm given in Figure 4.7, our input is the completed task and the
output is the completed memory item to feed the agent’s memory. Hence, first, the
reward is set based on the fail or success condition of the offloaded task. Afterwards,
the corresponding state is obtained from the taskToStatePair dictionary in line 6 in
order to acquire the memory item related to the state. Next, the value, and isDone
elements of the memory item is set from line 7 to 12. Finally, if the next state informa-
tion is set, then the memory item is given to the memory of the agent for the training.
Here, considering the DDQN method which initiates the training, the time complex-
ity of the algorithm is based on the multiplication of the online network parameters,
corresponding state values, and batch size. Similarly, the space complexity is based on

the multiplication of the batch size and memory item size.

4.2. Performance Evaluation of DeepEdge

We carried out our experiments in the EdgeCloudSim [130] simulator for the
performance evaluation. Our scenario consists of 14 locations, each of which operates
an edge server with equal capacity. We used different numbers of mobile devices in
the edge computing environment to evaluate the performance of the algorithms under
variable load. Mobile devices run different applications including augmented reality,
pervasive health, image rendering, and infotainment. Each application generates tasks
that have different characteristics based on their requirements given in Table 4.2. Task
interarrival time indicates the average task generation rate. Delay sensitivity refers to
an application’s tolerance to latency. This value is high for delay-intolerant applica-
tions such as video conferencing. VM utilization species the percentage of processing

resources required to execute the related task.
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Table 4.2. Application properties in the simulator.

Property Augment. | Perv. Image Infot.
Reality Health Rend. App

Task Interarrival 2 sec 3 sec 20 sec 7 sec

Delay Sensitivity 0.9 0.7 0.1 0.3

Data Upload/Download (KB) 1500/25 20/1250 2500,/200 25/1000

VM Utilization on Edge (%) 6 2 30 10

VM Utilization on Cloud (%) 0.6 0.2 3 1

Usage Percentage (%) 30 20 20 30

4.2.1. Configuration

4.2.1.1. Simulator Parameters. We deployed 14 edge servers in the network each of

which has 8 VMs, and one cloud server that has 4 VMs. While the computational
resource capacity of each VM in an edge server is 10 billion instructions per second
(GIPS), a VM in the cloud server has 100 GIPS capacity. For each experiment, the
number of mobile devices in the network ranged from 200 to 2400. The average number
of offloaded tasks is based on both the number of mobile devices and the average task

generation rates given in Table 4.2. Thus, the expected number of generated tasks

would be 6500 and 80000 for 200 and 2400 mobile users, respectively.

We repeated our experiments 40 times with different random seeds. The duration
of each experiment in simulator time was five minutes. Since we want to conduct a
valid comparison with the competitors, we used the empirical results for the WAN and
WLAN delays explained in [128]. These values can also be observed in EdgeCloudSim.
For MAN delay, we used the M/M /1 queueing model implementation of EdgeCloudSim

with an additional propagation delay of 5 ms.

4.2.1.2. Training the Agent. Since we used 14 edge servers in the network, the output

layer of the neural networks regarding online and target networks consisted of 15 nodes
with respect to our generic model shown in Figure 4.4. Our final model includes two

hidden layers each of which consists of 128 neurons. We applied the ReLU activation
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Table 4.3. Hyperparameters and their values.

Hyperparameter Value
Learning Rate 0.0001
Discount Factor 0.8
Initial Exploration 1
Exploration Factor 0.99
Final Exploration 0.1
Replay Memory Size 1000000
Minibatch Size 4
Target Network Update Frequency | 10

function for each neuron in the input and hidden layers. On the other hand, the
linear activation function was used for the output layer. We used Stochastic Gradient
Descent (SGD) for the optimization of the model. Other important hyperparameters
for DDQN are given in Table 6.2. In order to define hyperparameters for the discount
factor, minibatch size, and target network update frequency, we used random search
regarding our experience in the domain. On the other hand, for the initial exploration,
exploration factor, final exploration, and replay memory size, we used well-known

values from the literature.

Since we use the same agent for the simulations of the different numbers of users,
training should provide a robust online neural network considering the different dy-
namics. Therefore, there are two options: (1) we can train the agent for each network
condition regarding 200 to 2400 users, or (2) we can train the agent only in the scenario
of 2400 users since it will reduce the training time, and this scenario represents the
most challenging load for the system. Due to prolonged execution times, we opted for
the second option. To give a numeric comparison, completion of a single episode took
over three hours for the first option whereas it took around 0.3 hours for the second
option. It took 101 episodes (over 30 hours) to train the agent and converge to the

range of 10% - 15% failed task rate.

Figure 4.8 shows the rewards and percentage of failed tasks for four different

learning rates during the training of the agent. Since the learning rate is a crucial



62

hyperparameter to train a neural network, we selected rates based on a range from
0.00001 to 0.001. Small learning rates cause a slow learning process, which is reflected
in the case of 0.00001. Therefore, as shown in Figure 4.8, the reward converges to its
maximum value after episode 40 for this learning rate while other learning rates result
in the same reward range after episode 20. On the other hand, increasing the learning
rate does not affect the speed of the learning process in the case of 0.0001, 0.0005, and
0.001. The learning rate of 0.001 gives poor results after episode 60 because of the
exploding gradient problem which is a result of both the linear activation function in
the output layer and the neural network architecture including the number of layers and
nodes. The exploding gradient problem causes extremely high weights in the neural
network and therefore the model cannot learn anymore. It is also an indicator that the
learning rate must be lowered. Hence, in our training phase, we focused on the other
three learning rates considering 0.001 as the upper bound. Finally, we selected the final
model which is trained by the learning rate of 0.0001 since it is the most successful
regarding the total reward. The learning rates 0.0005 and 0.00001 are not as successful

since they cannot exceed local optima due to their smaller values.

On the other hand, considering the rewards in the training phase, the upper
bound is 75000 on average due to the total number of tasks for the scenario of 2400
mobile users. Similarly, the lower bound for rewards is -75000. Since we used the
DDQN algorithm for the learning, the oscillation between episodes is smoother so that
it is limited between rewards of 55000 and 45000. This is important since the time
to converge would be higher in the traditional DQN algorithm as shown in [5]. As a
result, since the corresponding rewards do not significantly change, we choose our final

model after the 100th episode.

4.2.1.3. Competitors. We evaluated the performance of DeepEdge considering our

primary goal, which is minimizing the failed tasks. Hence, we applied four different
approaches for the orchestration that are used in [128] in order to examine the perfor-
mance of the DeepEdge orchestrator appropriately. In these approaches, the network

based method first investigates the WAN data rate, which is initially 20 Mbps for each
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Figure 4.8. Change of the failed task rate over episodes for the scenario of 2400

mobile users.

edge server. Afterwards, if the data rate is above the predefined threshold which is
6 Mbps, it forwards the task to the cloud. Otherwise, the task is offloaded to one of
the edge servers that have the capacity to complete the task. On the other hand, the
utilization based approach checks the utilization of edge servers. If the total utiliza-
tion of the edge servers is under 80%, the task is offloaded to one of the edge servers
in the network. However, if the total utilization of edge servers is higher than 80%,
the task is offloaded to the cloud. This threshold value assignment is based on a set
of exploratory simulation experiments with different parameters. According to the
simulation results, the best values for minimum WAN data rate and maximum CPU
utilization are observed as 6 Mbps and 80%, respectively. Apart from the results, the
candidate threshold values were 12, 8, 6, 3 Mbps and 90, 80, 70, 60 percent for the
minimum WAN data rate and the maximum CPU utilization, respectively. The hybrid
approach is a joint method of the network and utilization based techniques. Lastly, we
used the fuzzy based approach that is implemented in [128] as the main competitor.
We used the same input parameters in this study for the fuzzy logic process in order

to perform a valid comparison.
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Figure 4.9. The percentage of failed tasks.

4.2.2. Experiments

4.2.2.1. Overall Results. We first examined the overall performance of DeepEdge in

terms of the percentage of failed tasks. As shown in Figure 4.9, the performance of all
approaches is similar until 1600 mobile devices in the network. However, as the load
builds up from 1600 to 2000 mobile devices, the accuracies of hybrid and wutilization
based approaches decrease. Especially when the number of mobile devices is higher
than 1800, DeepEdge outperforms all other approaches. Considering the fact that the
competitors are based on heuristic methods, and fuzzy logic has 81 hand-crafted rules,
it is a notable achievement that the agent explored the environment on its own and

created the corresponding rules.

We also analyzed how DeepEdge efficiently uses network and edge resources under
high load. Figure 4.10 shows that DeepEdge utilizes the resources in the network more
efficiently than the other approaches, especially after 2000 users. This result is the
effect of its accurate decisions for the offloaded tasks in the network considering the

conditions of the edge servers and network data rate in long term. Since the decision
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of mobile devices.

of other approaches may cause congestion on the WAN or MAN, they cannot utilize
computational resources well for the heavily-loaded cases. Thus, there is a ceiling effect
in heavily-loaded cases since the overload on the network due to their inappropriate

policies causes underutilized VMs on servers.

Next, we examined the overall service time for our proposed approach consid-
ering the network load in terms of tasks. Figure 4.11 exposes that the service time
of DeepEdge is higher than the other approaches, particularly for the high number
of tasks. Actually, this is not surprising since our objective is that maximizing the
success rate of the offloaded tasks, not minimizing the service time. Due to we design
the reward mechanism based on our objective, DeepEdge sacrifices the service time to
maximize the cumulative reward. On the other hand, the cause of this effect can also
be seen in Figure 4.12 more clearly in which we investigate the processing time on the
cloud. It can be observed that DeepEdge offloads the tasks to the edge tier more when
the number of tasks increase. This choice increases the overall service time in the end

since some of the CPU-intensive apps’ tasks would be sent to the edge rather than the
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Figure 4.11. The overall service time.

cloud. However, it also provides the minimization of the failure rate, which is the goal

of the DRL agent.

4.2.2.2. Application-based Results. Based on the overall results, we then investigated

the performance of DeepEdge for each application as shown in Figure 4.13. Considering
the augmented reality, pervasive health, and infotainment applications, the robustness
of DeepEdge manifests itself for the heavily-loaded environments. For the augmented
reality application, our orchestrator offloads the generated tasks generally to the edge
considering its delay sensitivity, which is relatively higher. The same requirement is
also valid for the pervasive health application. However, since both applications cause
different loads on a VM, our orchestrator also takes these properties into account
regarding the TaskReqCapacity feature. On the other hand, the delay sensitivity of
the infotainment application is low. However, since its impact on VM utilization in
terms of the load is high, the orchestrator must choose edge or cloud for the ofioading
wisely. The results show that DeepEdge learned those requirements well. Thus, its

performance is better than its competitors.
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Figure 4.12. The processing time on cloud.

On the other hand, even though DeepEdge outperforms other approaches con-
sidering the different application types which have diverse task requirements, it cannot
provide good results for the image rendering app. Therefore, in order to investigate this
result, we performed several experiments using only the image rendering application.
Hence, we trained three DDQN agents as the orchestrator by using the same hyperpa-
rameters given in Table 6.2. For these three agents, we only changed task interarrival
times of the image rendering application for training. To this end, we applied 20 sec,
as the original value, 10 sec, and 5 sec interarrival times. Finally, we compared the per-
formance of DeepEdge with the Fuzzy Based approach as it gives the best performance

for the image rendering application shown in Figure 4.13(c).

The results given in Figure 4.14 show that DeepEdge outperforms the Fuzzy
Based approach when the task interarrival time is 5 sec. On the other hand, there
is no significant difference between the performance of 10 sec and 20 sec interarrival
times. Thus, apart from the results in Figure 4.14, the reason that DeepEdge is not as
successful for the image rendering app after 1800 users can be concluded by examining

Table 4.2. Since the average number of arriving image rendering tasks is 10, 6.66,
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Figure 4.13. The change of failed tasks based on different application types. If the
number of mobile devices increase in the network, DeepEdge outperforms other

approaches in terms of successfully completed tasks.

and 2.85 times lower than the other applications respectively, states related to the
decision of the image rendering tasks are relatively less for the training. Therefore, the
agent could not learn the specific details of the requirements of the image rendering
app. Furthermore, note that, since the image rendering tasks constitute only 3% of the

overall task offloading requests, the overall performance of DeepEdge is still significantly

better for the heavily-loaded cases as shown in Figure 4.9.
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Figure 4.14. The effect of the task interarrival time on the image-rendering

application.

4.3. Discussion

We implemented a DRL based task orchestrator, namely DeepEdge, for edge com-
puting. Throughout this chapter, we assumed that the offloading decision had been
taken by mobile devices, and the task must be offloaded to one of the edge servers in
the network or to the cloud. Due to the different characteristics of each application,
generated tasks by mobile users must be handled by the orchestrator considering the

application requirements and the current network conditions. For this reason, we de-



70

veloped DeepEdge by applying the DDQN algorithm. Even though providing MDP
and coping with the delayed action effect are challenging due to the real-time, and
stochastic nature of the edge computing environment, we successfully implemented a
DRL agent based on DDQN for the orchestration. We conducted experiments in the
EdgeCloudSim simulator by comparing our model with other approaches in the liter-
ature. Our results showed that DeepEdge has the capability to perform orchestration
for different task types and outperforms its competitors. On the one hand, DeepEdge
improved the average number of successfully completed tasks considering the different
application requirements. On the other hand, DeepEdge used VM resources more ef-
ficiently since it had prevented the network bottlenecks so that offloaded tasks could
arrive at their destinations. To the best of our knowledge, this is the first study in the
domain of edge computing that evaluates the performance of a DRL model for different

application types under various loads in terms of the number of mobile users.
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5. AIRCOMPSIM: A DISCRETE EVENT SIMULATOR
FOR AIR COMPUTING

The extensive utilization of smart devices by end-users results in various appli-
cation types that have different goals. Therefore, providing a necessary QoS based on
the corresponding SLA requirements is currently challenging for the existing network
paradigms. Even though multi-access edge computing (MEC) [93] has been widely
used for this purpose, its static deployment in which the capacity of the edge server(s)
cannot be changed based on the dynamic needs would cause an issue to meet the re-
quests of the user tasks. Thus, UAVs and similar aerial units have recently been used

by many studies in order to enhance the performance of the network environment in

terms of QoS [131-133].

Considering varied deployment cases of UAVs and related air vehicles to alleviate
the restricted 2D networking environment, we recently proposed air computing which
is a next-generation computational paradigm as a result of the evolution of MEC
[134]. In this regard, air computing represents a dynamic and responsive computation
environment for all spectrum of applications through different air platforms. Hence, in
addition to the ground layer, there are three air platforms in air computing. Each of
these air platforms can provide different opportunities in terms of latency, data rate,
computational capability, coverage, and mobility to the corresponding applications
using the benefits of 3D networking. The joint operation of those air platforms in a

dynamic environment to meet different requirements are still investigated.

Even though air platforms, especially UAVs, have recently been used by many
studies for varied goals such as task offloading, content caching, and trajectory plan-
ning, there are few simulators that consider these scenarios in the literature. Moreover,
they do not allow mobile users, applicable UAV policies, and the definition of differ-
ent application types, which may have different SLA requirements, such as maximum

tolerable delay. In most of the cases, existing simulators focus on the flight controls,
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visualization and physics [135]. In [136], Shah et al. proposed AirSim which is built on
Unreal Engine and focused on realistic flying simulation of aerial vehicles. Their simu-
lator includes a physics engine for real-time hardware-in-the-loop simulations. D’Urso
et al. represented an integrated simulator for UAVs for the realistic simulations in [137].
Therefore, they developed a software middleware that coordinates the tools including
Gazebo [138], ArduCopter [139], and ns-3 [140] to work together. Similarly, Baidya et
al. proposed a middleware for the realistic UAV simulation in [141]. They focused on
the network dynamics and modeling UAV operations so that they interfaced ArduPi-
lot [139] and ns-3 tools through their simulator. To the best of our knowledge, none of
the existing simulators consider application performance in terms of task completion,
user mobility, and UAV flying policy based on the system load and computational

resources.

In this chapter, we introduce a new simulator, namely AirCompSim, which en-
sures a discrete event simulation environment to conduct complex air computing ex-
periments based on varied scenarios [142]. AirCompSim achieves that by providing a
modular structure. Therefore, it is straightforward to alter the corresponding parame-
ters, add new scenarios including dynamic events such as server failure, and create new
flying policies for UAVs. Moreover, it also provides an event mechanism for deep rein-
forcement learning (DRL) so that smart and sophisticated UAV policies such as where
to fly and when to fly can be investigated. Furthermore, since the essential results are
logged and stored, it provides an easy mechanism to plot the related results after the
experiments. To demonstrate the capabilities of AirCompSim, we present a dynamic
capacity enhancement scenario and evaluate the performance of different settings in an

air computing environment.

5.1. AirCompSim Architecture

AirCompSim provides a modular architecture in which each module can interact
with each other through the corresponding instances and interfaces. Moreover, the

modular architecture based on the discrete event system ensures that a new module
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Figure 5.1. Relationship of the AirCompSim modules.

can be easily incorporated into AirCompSim. To this end, AirCompSim has five core
modules namely Simulator, Server, User, Application, and Task. The relationship of

these five modules is shown in Figure 5.1.

5.1.1. Simulation Module

The simulation module is the main module of AirCompSim. It is responsible for
handling the events in a simulation via the event queue and creating the corresponding
user types, user mobility, and UAV policies. Moreover it provides a detailed logging
mechanism including the events, task offloading, UAV flying, and task processing so
that it allows a detailed debugging option for the researchers. Furthermore, it saves the
results of the repeated simulations as a csv file therefore after a detailed experiment it

is straightforward to process the results using various libraries such as pandas [143].

5.1.2. Server Module

The server module defines a generic class for the entities having server features.

To this end, this module is used as a parent class for edge servers, UAVs, and the
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cloud server. Note that in the current version of AirCompSim [142], UAVs are the only
flying vehicles in the simulator. However, it is easy to add additional flying servers
with different altitudes based on the server module. This module also provides the
utilization, processing delay for the given tasks, and earliest idle time based on the
queueing. A server module-based entity has a computational capacity to serve the

offloaded tasks based on the M/M/1 queueing model.

5.1.2.1. Edge Server. In our simulator, edge servers are located in Local Area Net-

works (LAN) on the ground. They have a coverage radius in which users can connect
to them to offload their tasks. Their capacity and location are fixed throughout an
experiment. Even though the corresponding capacity can be set by researchers in the
simulation module, in the default settings of AirCompSim, the capacity of an edge

server is less than that of a cloud server and higher than that of a UAV.

5.1.2.2. UAV. We consider UAVs as flying edge servers with less capacity in our
simulator. Therefore, various flying policies can be applied in AirCompSim in order to
observe the effects of different proposals on task success rate, utilization, and service
delay. In the default settings of AirCompSim, UAVs fly to the areas that have already

been covered by an edge server in order to enhance the corresponding capacity.

5.1.2.3. Cloud Server. A cloud server is the most powerful entity in terms of com-

putational capacity in an air computing environment. However, since it is accessed
through the Wide Area Network (WAN), it is prone to higher network delay than LAN
and Metropolitan Area Network (MAN). Hence, it is critical to select a cloud server
for task offloading when the corresponding maximum tolerable delay is high. In the
default settings of AirCompSim, a cloud server is selected by a user if there is neither

an edge server nor a UAV to connect.
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5.1.3. User Module

The user module supports different user types, including mobile users, nomadic
users, and users in the air. In the current implementation of AirCompSim there are
mobile users and nomadic users. The main difference between them is their mobility
pattern. A user can connect to multiple servers simultaneously if it is in the coverage of
them. In the default mode of AirCompSim, if a user is connected to multiple servers,
such as a UAV and an edge server, the task is offloaded to one of them, which has
a lower queueing delay. Here, we assume that users are informed by their connected
servers in a separate channel. Note that this default behavior can be changed by a

researcher to seek efficient offloading decisions.

5.1.4. Application Module

Each user in the simulator runs at least one application, which randomly produces
a computation-intensive task based on the application type. Therefore, each task based
on an application type consists of a size, required computational units for processing,
arrival rate, and maximum tolerable delay tuple. Each task is successfully completed if
the total delay, which includes network, processing, and queueing delays, is lower than
or equal to the maximum tolerable delay. The performance of the applied policies is
evaluated based on the total task success rate, which also indicates the success rate
of the corresponding application. For this reason, the location of the users affects the
performance since some areas in the environment may not have an infrastructure, such

as edge servers, and other places may face congestion.

5.1.5. Mobility Module

The mobility module provides user mobility and also heuristic UAV flying policies.
Based on the research goals, a user mobility module or a flying policy for UAVs can be
added to the simulator. By default, a random waypoint model runs for the mobility

of each user in the environment. On the other hand, UAVs fly between areas where
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edge servers are deployed in the center based on capacity calculations. A capacity
calculation for areas is carried out by including the number of user and their application
profiles, and also the total capacity of edge servers. Afterwards, the required number
of additional capacity and therefore the number of UAVs are computed. Finally, UAVs
are deployed in the corresponding areas. Note that if an area has a higher need for
UAVs, that area has a priority for UAV deployment considering a constraint in the
number of UAVs.

5.1.6. Scenario Module

The scenario module includes the experimental setup which is essential for the
performance evaluation. To this end, the number of users, edge servers, UAVs, the
location of all kinds of servers, the user mobility model, and also the corresponding ca-
pacities of servers are first defined in this module. Moreover, if the experiment includes
dynamic updates such as a server failure or sudden increase in capacity demand, those

can also be defined in this module.

5.1.7. DRL Module

The DRL module consists of the implementation of value-based and policy-based
DRL algorithms in addition to the event mechanism which provides the corresponding
state information along with the rewards. The implementation of DRL algorithms
is supported by PyTorch-based neural networks. Note that since DRL-based studies
require more sophisticated settings, AirCompSim only provides the skeleton that can

be adapted to the related scenarios by researchers.

5.2. Use-Case: Dynamic Capacity Enhancement

In order to demonstrate the capabilities of AirCompSim, we developed a dynamic

capacity enhancement scenario in which we investigated the effect of the number of

UAVs and users on the task success rate, edge utilization, UAV utilization, service
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Figure 5.2. Distribution and coverage of edge servers in the example scenario.

time, and the ratio of the offloaded tasks between edge, cloud, and UAV. Moreover, we
also evaluated their effect on different application types in terms of task success rate,

which is, to the best of our knowledge, provided by none of the existing simulators.

5.2.1. Scenario

In our scenario, we have a 400 x 400m? environment. We divided the environment
into four equal areas and deployed four edge servers in the center of them, as shown in
Figure 5.2. On the other hand, each user in the environment is mobile and runs four
different application types. Since we run the default mode of AirCompSim, deployed
UAVs can only move between four edge server areas. Therefore, as depicted in Figure
5.2, there are areas in the environment that cannot be covered by any server. Users in
those areas offload their tasks to the cloud server. To control the variance of results,
we repeated our experiments 50 times. Throughout the experiments, we used Python
3.10. The corresponding simulation and application parameters are given in Tables 6.1

and 5.2, respectively.

5.2.2. Performance Evaluation

We first evaluated the effect of the number of users and UAVs on the average task

success rate in the environment. As shown in Figure 5.3, the task success rate decreases
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Table 5.1. Simulation parameters.

Parameter Value

Size of a task 500 Kb

Capacity of a serving UAV | 1000 cmp. units/sec
Edge Server Radius 100 m

UAV Radius 100 m

Data Rate 100 Mbps

Xomax 400 m

Yinaz 400 m

Altitude of UAVs 200 m

Simulation Time 1000 sec

User Mobility Model Random Waypoint

Table 5.2. Application parameters.

Max.
Arrival Comp. | Tolerable
Application Rate Load Delay
Entertainment 10 sec/task | 100 units | 0.3 sec
Multimedia 10 sec/task | 100 units | 3 sec
Rendering 20 sec/task | 200 units | 1 sec
Image Classification | 20 sec/task | 600 units | 1 sec

when the number of users increases since the load in the system affects the utilization
of deployed servers. However, this effect would be mitigated by deploying UAVs since
they can fly dynamically between edge server areas to enhance the existing capacity.
As a result of this, the task success rate is improved when more UAVs are deployed in
the system. On the other hand, regarding the simulation and application parameters,
the task success rate would be at most 80% in this setting. The first reason for this
result is the infrastructure-less areas as shown in Figure 5.2. Since UAVs move to
the edge server areas in the default policy of the simulator, users in infrastructure-less
areas can offload their tasks only to the cloud which causes high WAN delay. Therefore,
application tasks, except the multimedia whose delay tolerance is 3 seconds, would not
be completed successfully when they are offloaded to the cloud. The second reason
for the task success rate results is related to queueing delay at servers based on their
capacity and arrival rate of the offloaded tasks. Hence, the average service time in the

system increases exponentially as shown in Figure 5.4. In these results, when no UAVs
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Figure 5.4. Average service time.

are deployed, offloaded tasks undergo longer service time which affects the task success
rate heavily. However, when we deploy UAVs, the service time decreases since users
can offload the corresponding tasks to UAVs based on the existing queueing delays of

all types of servers.

Observing the utilization of the servers in the environment is also essential to
analyze system resources. To this end, UAV and edge utilizations based on the number
of users and UAVs are shown in Figure 5.5. When there is no UAV in the environment,
edge servers are fully utilized while there are 80 and 100 users. On the other hand, for

more UAV deployments, the edge utilization decreases since users offload their tasks to
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Figure 5.5. Average UAV and edge utilization.

the available UAVs. Considering the UAV utilization as shown in Figure 5.5(a), when
there are fewer UAVs in the environment, their average utilization is higher as in this

case the total capacity is more limited.

Another effect of the deployment of UAVSs is shown in Figure 5.6 which manifests
the distribution of offloaded tasks between edge, cloud, and UAVs. Initially, the largest
portion of tasks are offloaded to edge servers since most of the environment is covered
by them and there are a small number of UAVs. However, for each increment of the
number of UAVs, the corresponding offloading distribution shifts to UAVs. The main
reason for this case is that users select the less congested server for their tasks which is
the default task offloading policy in AirCompSim. On the other hand, the offloading
percentage for the cloud server would not change since the infrastructure-less area is

fixed in the environment.

Finally, we investigated the average task success rate for each application, which
is shown in Figure 5.7. Considering the application parameters given in Table 5.2, these
are the expected results. The Entertainment application requires 100 computational
units, which should be completed in 0.3 seconds, while the multimedia application
requires the same computational units with 3 seconds of time constraint. Note that the
arrival rate for both application types is also the same. As a result, tasks of multimedia

are completed more successfully than entertainment tasks. Similarly, rendering and
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Figure 5.6. Effect of deployed UAVs on offloading.

image classification applications have the same time constraint and arrival rate of
1 and 20 sec/task, respectively. However, image classification requires three times
computational unit than that of rendering. Therefore, rendering tasks are processed
better than image classification. Moreover, even though rendering requires two times
computational unit than that of the entertainment, their tasks are processed more
successfully as the arrival rate is two times bigger than the entertainment. Furthermore,
the maximum tolerable delay of the rendering application is three times bigger than
the entertainment, which affects task completion. On the other hand, considering
image classification, the number of UAVs in the environment would not affect the
task success rate. The fundamental reason for this result is that image classification
requires 600 computational units with 1-second delay tolerance while the capacity of

a UAV is 500 computational units/sec. Therefore, none of the deployed UAVs can

process image classification tasks successfully in this setting. However, since UAV
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Figure 5.7. Task success rate of each application type.

deployment relieves edge server resources, it can only slightly affect the task success
rate of image classification, as shown in Figure 5.7(b). Note that these are the results
of the demonstrative scenario. AirCompSim is flexible enough to evaluate different

scenarios.

5.3. Discussion

In this chapter, we proposed a new simulator, AirCompSim, in order to provide a
development and research environment in which researchers can conduct experiments
for the optimization of task offloading, mobility, and flying policies in an air computing
environment. Considering the dynamic requirements of air computing, we developed
a modular structure for the implementation so that users can extend the existing
policies and event mechanism based on their needs. Moreover, we designed a scenario
to represent the capabilities of our simulator. To this end, we evaluated task success
rate, service time of different server types, utilization of the resources, and application-
based performance based on the varying number of users and UAVs. Our results showed
that AirCompSim can operate well and therefore would be used as a testbed for air

computing research.
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6. DEEPAIR: A MULTI-AGENT DEEP
REINFORCEMENT LEARNING BASED SCHEME FOR
AN UNKNOWN USER LOCATION PROBLEM

Among different air vehicles, UAVs are the most studied units since their deploy-
ment is easier considering their energy consumption, flying altitude, and configura-
tion [95]. To this end, they are used for dynamic capacity enhancement in environments
in which the fixed capacity would not be sufficient to meet the application requirements
of an increasing number of users. Therefore, this feature solves variety of problems such
as communication in a disaster site, and enhancing services in infrastructure-less envi-
ronments [81,84]. Moreover, their deployment provides significant vertical networking
opportunities such as high mobility support, coverage, latency, and two-way task of-
floading [94]. As a result, the requirements of users living in urban, suburban, and

rural areas can be met efficiently through these vertical networking opportunities.

There are many studies in which UAVs are used as flying computational units to
assist either deployed edge servers or are solely deployed to enhance network capacity
for task offloading [81, 144]. Since the battery and CPU capacity of the end users
would not be sufficient to process the corresponding tasks, UAVs therefore can be
used as a flying edge server. However, since there are many different scenarios, various
methods and algorithms are developed to meet the service requirements. DRL is one of
those methods that is applied in the literature since the traditional heuristic methods
and convex optimization cannot solve the corresponding dynamic problems [145]. To
this end, DRL solutions would be used for trajectory optimization, energy-efficient

offloading, UAV placement, and generic task offloading.

User connectivity is a primary issue in accessing the related resources for task
offloading and service differentiation. However, in order to provide a required ser-
vice, the corresponding technology such as edge or UAV should first detect the user,

and then the connection should be established. However, in an environment which is
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infrastructure-less and user locations are unknown, providing those services is a crucial

technical challange.

Even though UAVs are used in many different cases, their utilization in an
infrastructure-less environment in which users cannot connect to any cellular operator,
edge/cloud server, or satellite has not been investigated properly. That environment
can be a disaster site, wilderness, or a natural area that is open to visitors. In such an
environment, the detection of user locations, localization, and then the measurement
of required capacity for user tasks are major issues to ensure the necessary service.
Therefore, in this study, we focus on an environment in which there are users at un-
known locations where we locate them through a novel method using DRL. Afterwards,
as the second step, we estimate the corresponding requirements of the connected users
at detected locations and decide how many UAVs are needed in those corresponding

areas.

On the other hand, as detailed by Bai et al. [6], DRL-based UAV studies have
four main categories including (1) sensing, (2) localization, (3) resource allocation, and
(4) UAV-assisted MEC. However, most of the studies in the literature focus on a subset
of those categories. Therefore, in addition to the challenging environment, providing a

solution for each of those categories is our overall goal.

In this chapter, we develop a DRL-based scheme, DeepAir, which takes uncon-
nected users’ emitted RSSI signals into account as a reward and then finds the corre-
sponding user attraction points in the environment. Since the number of user attraction
points could not be known, DeepAir iteratively detects those points. Afterwards, based
on the quality of those detected locations, users that are in the coverage can connect
to agents, which we also call detector UAVs. After these phases, the corresponding
user task profiles are extracted through the requests of connected users. Next, the
required capacity based on those task profiles is computed, and then the necessary
number of serving UAVs, which have MEC features, is measured for the detected user-

concentrated areas. Thus, we increase the task success rate based on their Service
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Level Agreement (SLA) requirements.

6.1. System Model and Problem Formulation

We consider an environment as a set of users denoted as M = {1,2,..., M}, a
set of serving UAVs represented as N, = {1,2,..., N,}, and a set of detector UAVs
specified as Ny = {1,2, ..., Ng}. Detector UAVs are used for sensing and localization
of users in the environment whose locations are unknown. Serving UAVs, on the other
hand, are used as a computational resource for offloaded tasks of users. In other
words, serving UAVs are flying edge servers in the environment. Each UAV type has
a horizontal radius, r, for communicational or computational coverage. Each user
m € M randomly produces a computation-intensive task W,, = (D, Cy, A, T7),
where D, is the size of the task as bits, ), is the required CPU cycle for processing
as cycle/bit, A, is the arrival rate as task/sec, and 77" is the maximum tolerable

latency as seconds.

In the environment, the location of a UAV n € N, or n € N can be denoted as
Un(t) = [0 (t), yn(t), 2, (t)], where z,,(t), y,(t), and z,(t) are the X,Y, Z coordinates at
time time t. Therefore, the position of UAV n at the next time step for a horizontal

flight can be expressed as

Tp(t + 1) = 2,(t) + dp(t) X cos(V,(1)) (6.1)

Yn(t+ 1) = yn(t) + dp(t) x sin(,(1)) (6.2)

where d,(t) is the flight distance, and 9, (t) € [0,27] is the flight angle. Moreover,
the following movement constraints should be satisfied during the horizontal flight

considering the area of the environment as

0< 2,(t) < Xonaw (6.3)
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0 < Yat) < Yonaa (6.4)

where X, and Y., are the maximum lengths of the environment. Similarly, to
avoid collision between any two UAVs, including serving and detector UAVs, minimum

distance should be satisfied as follows

where d,,;, denotes the minimum distance. On the other hand, location of a user
m € M at time ¢ is represented as L, (t) = [z (t), ym(t), 0] where x,(t), and y,(t) are
the X, and Y coordinates, respectively. Since users are in the ground, the Z coordinates

are zero.

If a user m € M processes its task locally, the corresponding local computation

delay is measured as follows

D,, x C,

Tl =
fm

(6.6)
where f,, is the computational capacity of user m as CPU cycle per second. On the
other hand, if the task W,, is offloaded to a serving UAV n, € N, the computation

delay at ng is measured as

TUAY = —Dmfx Cm (6.7)

where f,_ is the computational capacity of UAV n, as CPU cycles per second. Since
multiple users can be connected and therefore offload their tasks to a serving UAV,
M /M /1 queueing model is used for the overall delay measurement at the corresponding

serving UAV as

szub Dm X Cm

T p—
L fe = SSMew (M x Dy x )

(6.8)
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where M, denotes a subset of users concentrated in the corresponding area. There-

fore, queueing delay at the serving UAV is measured as
T,=T,—-T " . (6.9)

Considering the task offloading case for task W,,, transmission delay between a user
m € M and a serving UAV n, € N, is measured as

D

Ton, = —— (6.10)

Um?”s
where v, ,, is the data rate between m and n, as bit/sec. It is important to note
that users connect and communicate multiple serving UAVs via orthogonal frequency-
division multiple access (OFDMA). Therefore, the transmission interference between

different users can be ignored.

Channel gain, which indicates to the measurement of the strength of the signal
between the transmitter and receiver in wireless communication, is computed between

a user m and a detector UAV n, € Ny using free-space path loss model as

Im,n
hinna(t) = =755 (6.11)
‘ | (8)]?
where g¢,,, ,, denotes the channel power gain between the user m and detector UAV ny,
and d, ,,(t) is the distance at time ¢. Considering the cumulative signal strength of

users at a detector UAV ny, it is measured as

H(t) =S B (8) (6.12)
Since serving UAVs are sent to the locations that detector UAVs has already provided,
we assume that the channel quality between users and serving UAVs is already above

an acceptable threshold and therefore is not included in the formulation.
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6.1.1. Problem Formulation

In the environment, the total delay for a task of user m is computed as

2fwm = tnetwork + tservice (613)

where t,crwork 1S the network delay, and tse,vice i the service delay. The network delay

is computed as

Tm,ns7 if ﬂm,nS =1
tnetwork = (614)

0, it B, =0

where 3, ., is a binary variable that indicates whether the task is offloaded to a serving
UAV or not. While calculating the network delay, the propagation delay is ignored.

The service delay on the other hand is computed as

TUAY + T, if Bpn, =1
Lservice = (615)
Tloe, i Brn, = 0.

In our environment, a task of user m, W,,, is successfully completed if the total
delay is lower than or equal to the maximum tolerable delay of the task. Hence, we

define «a,, as a success variable for task completion as

1, if t,, <7Tmae
O, = (6.16)

0, otherwise .

Thus, in this study, our main goal is to maximize the overall task success in the
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environment. To this end, our objective function is defined as

MW
max Z Z s, (6.17)

which subject to
Ns
Zﬁm,ns <1 VmeM (Constraint 1)
dnn, <Tn, YmeM, Vng €N (Constraint 2)
froe — Am X Dy X Cr)) >0 Ym, ng (Constraint 3)
Equations (6.3) — (6.5) (Constraint 4)

where d,, ,,, is the distance between user m and serving UAV n,. Constraint 1 represents
that a task can be offloaded to only a single serving UAV even though the user can
connect to multiple serving UAVs. Constraint 2 denotes that a user should be in
the coverage of a serving UAV in order to connect it and then offload a task to it.
Constraint 3 ensures that offloaded tasks cannot exceed the capacity of a serving UAV.

Finally, Constraint 4 describes the movement constraints.

6.2. DeepAir

Our DeepAir operation has four main phases that should be considered to provide
the required QoS for user tasks. As formulated in Section 6.1, a user task is success-
fully completed if the total delay in the system is smaller than or equal to its maximum

tolerable delay. Therefore, each phase, including sensing, localization, resource alloca-
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Figure 6.1. Phases of DeepAir.

tion, and MEC, is significant for the efficient operation in the environment. To this
end, we use detector UAVs for the sensing, localization, and resource allocation phases.
Note that a detector UAV is also used as a DRL agent in the environment to find the
user-concentrated areas. On the other hand, based on the reporting of detector UAVs,
we deploy serving UAVs for the offloading and processing of tasks as part of the MEC

resources. The whole operation including four phases is depicted in Figure 6.1.

Each type of UAV in the environment can communicate with each other via a
separate channel. Thus, they know their existing location. Moreover, they can also
communicate with the base, which is at (0,0) coordinates, so that they can notify the

existing situation in the corresponding areas in their horizontal coverage. As a result,



91

the system can react to the events in those corresponding areas in real-time.

6.2.1. Sensing

Due to the nature of the infrastructure-less deployment, initially, users in the
environment are not connected to any system component, emitting only signals for a
possible connection. Therefore, as shown in Figure 6.3(a), a detector UAV can sense
signal strength at some point in the environment at time ¢. Based on the location of
users and the detector UAV, that signal strength can change in different areas of the
environment considering the cumulative signal strength measurements in Equations

6.11 and 6.12.

In this study, we assume that there are different user attraction points in the en-
vironment whose locations are also unknown. Based on those user attraction points as
shown in Figure 6.3(a), users are gathered in certain areas. Therefore, the correspond-
ing additive signal strength would be higher when the detector UAV is close to that
area. However, considering the fact that there would be many user attraction points
whose locations could be in different parts of the environment, and some of those parts
may have similar user densities, sensing levels can turn out to have identical or similar
values for different points in the environment. Thus, this fact should be taken into

account in the localization phase in which we use DRL.

6.2.2. Localization

In the localization phase, information gathered in sensing is initially used for the
movement of detector UAVs (agents) and then to locate the corresponding user attrac-
tion points. One of the crucial factors here is that the number of user attraction points
in the environment is also unknown along with the number of users, and user locations.
Therefore, we cannot apply multiple agents simultaneously in the environment since if
the number of deployed agents is less than the number of user attraction points then

users at some of the attraction points cannot be detected and served. Thus, we apply
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Input: Threshold and the environment

2: Output: Found Locations

3: isThresholdMet = True

4: locations = [ |

5. while 1sThresholdMet do

6:  singleLocation, connectionCount = DQN()

7. if connectionCount is smaller than Threshold then

8: 1sThresholdMet = False

9: else

10: Add singleLocation to locations
11:  end if

12: end while

13: return locations

Figure 6.2. The algorithm of finding locations.

an iterative approach using DRL in the algorithm given in Figure 6.2.

In the algorithm given in Figure 6.2, we find the user attraction points in the
environment. To perform this, we initially set a threshold for new connected users in
an iteration. For each iteration we send a DRL agent to the environment flying from
the base at (0,0) coordinates, and after the convergence it returns the correspond-
ing location information along with how many new users are connected to it. If the
number of connections is smaller than the threshold, the execution of the algorithm
is terminated. Otherwise, we continue to send an agent to the environment. Note
that when a user device connects to a detector UAV, it stops emitting the connection
signal. As a result, the additive signal power would be less in a particular place in
the next iteration for the agent. This situation is depicted in Figure 6.3. As a result,
the time complexity of the algorithm is based on the multiplication of the Q-network

parameters, state values, number of episodes, and number of users, considering the
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worst-case. On the other hand, the space complexity is based on the number of user

attraction points which, in the worst case, depends on the number of users.

6.2.2.1. MDP Definition. The DRL is based on MDP which is formally defined as a
4-tuple < S, A, P, R > where

e S is the set of states where s € S
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e A is the set of actions where a € A

e P:SxA— P(9) is the state transition probability function that provides the
probability of P(s;, si11) = P(si01 = 8’ | st = s,a; = a). This function denotes
that the current state s; at time ¢ changes to the state s;; by taking the action
a.

e R: 5 xAxS — Ris the reward function. It defines the corresponding reward
R at time ¢ by taking an action a in a state s;. Therefore, it can be also defined

as Ry = R(sy, ag, Si41).

Our environment provides the corresponding MDP definition through the state
representation, action space, reward mechanism, and state transition. Therefore, an
applied DRL algorithm in the environment using a detector UAV can create a policy 7
based on a given state as 7 (a | s) = P (a; = a | s; = s). Through this policy, the agent
can learn the dynamics in the environment for a given state and therefore takes the

most effective action.

6.2.2.2. State Space S. Based on the algorithm given in Figure 6.2, there is only a

single agent in the environment for each iteration. Therefore, the state at time ¢ consists

of the current location of the agent as

§(t) = un(t) = [2a(t), yn (1), za(1)] - (6.18)

6.2.2.3. Action Space A. In our environment, the action space A consists of five dis-

crete actions considering the horizontal movements. Therefore, it is defined as

a(t) = [Left, Right,Up, Down, NoMove] . (6.19)

Based on this definition, the horizontal speed of each agent is fixed during their

flight. Considering the selected action at time ¢, they can stay fixed at their horizontal
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coordinates by NoMove action. Otherwise, they can move into four different areas of

the environment.

6.2.2.4. Reward Function R. Based on the policy 7, the agent takes the corresponding

actions in the environment to maximize its cumulative reward. To this end, for a given
state s;, the agent maximizes the expected sum of future reward by applying policy

7(s;) as follows
R, = Z v * R(s;, Siv1) (6.20)
i=t

where v € [0,1] is the discount factor that denotes the importance of the long-term
rewards if its value is close to one. Otherwise, its value would be close to zero. Thus,

the reward function is defined as follows based on the consideration above

H(t), if satisfying constraints
R(t) = (6.21)

-1, if otherwise .

6.2.2.5. Application of DRL. Since our action space is discrete, applying a value-based

DRL algorithm is more convenient in our environment. Therefore, for each DRL agent,
we implement Deep Q-Learning (DQN) algorithm [146], which manifests a high success

in many different environments with different state spaces.

In value-based DRL algorithms such as DQN, the agent should select the best
state-action pair among different options through its policy by a given state s; by

maximizing Q-function, Q. (s, a;). Therefore, under the policy 7, the Q-function is

defined as

Qx(s1,a0) =E [Ry | 5 = 5,0; = a (6.22)

which denotes the value of an action a; in a state s;. Thus, an optimal policy is defined
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as selecting the highest valued action in each state,
7(s¢) = argmax(Q(ss, a’)) (6.23)

where a’ indicates the set of all possible actions. As a result, the value of a state-action

pair is computed as

2 = Ra, (54, 5041) + 7 * Q(5441,arg max Q(se41,0'36,); 6;) (6.24)

where 6; represents the Q-network parameters. On the other hand, considering the
convergence through the Q-network, the agent minimize the temporal difference error,

d¢, of Qr(sy, ar) regarding z;:

O =| Q(sg,ap) — 2z | - (6.25)

6.2.3. Resource Allocation

After the completion of sensing and localization phases through detector UAVs,
the next step is the resource allocation for serving UAVs which provide computational
serving capabilities. Since a serving UAV has a limited capacity, measuring how many

of them should be deployed is the main problem in this phase.

As users have already connected to the corresponding detector UAVs, and have
started to send their task offloading requests, the system can create a task profile in
those user-connected areas by conducting several capacity calculations. To this end, we
perform a capacity calculation that includes the task profile of each user as we defined
Wi = (Dpy Cry A, T7%). The measurements are essentially based on Equation 6.8

as the delay at serving UAVs is based on M/M /1 queueing model.

After the measurement of the required number of serving UAVs for each detected
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area, the other important issue is the deployment of available serving UAVs into those
areas, each of which may have different task profiles. Note that the available serving
UAVs may not meet the total capacity requirements in the environment. In this case,
available serving UAVs are first deployed to the areas which have a higher need for
serving UAVs regarding task profiles. On the other hand, if the required numbers of
serving UAVs are equal for the corresponding areas, then a round-robin approach is
applied for the deployment. Note that our primary goal for this computation and then
deployment is to maximize the overall task success in the environment as defined in

our objective function in Equation 6.17.

6.2.4. MEC

After the resource allocation, the next and final phase is providing the MEC
services to users. To this end, users offload their tasks to serving UAVs and expect a

service without violating the task’s maximum tolerable delay, 777*.

A wuser in a corresponding area can connect to multiple serving UAVs simultane-
ously in the environment. Therefore, a user should select one of its connected serving
UAVs at a particular time to offload the corresponding task. It performs this selection
based on the existing queueing condition for each serving UAV. Note that since mul-
tiple users can connect to a single serving UAV, the M /M /1 queueing model is used
for the total delay measurement at the serving UAV as explained in Section 6.1. Here,
we assume that a user can receive the recent queueing delay information from each
serving UAV to which it is connected via a separate channel. Thus, it selects a serving
UAV for task offloading considering the minimum queueing delay. As a result, our
objective function defined in Equation 6.17 can be provided by minimizing the total

delay regarding task profiles in the long term.
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Table 6.1. Simulation parameters.

Parameter Value
Number of User Attraction Points [3, 5]

Size of a task (D) 500 Kb
Required CPU cycles of a task (C,) 90 cycles/bit
Arrival rate of a task (A\,) 0.30 task/sec

Maximum tolerable delay of a task (777%) | 1 sec

Capacity of a serving UAV (f,,) 300 cycles/sec
UAV Radius (ry,) 75 m

Data Rate (vmn,) 100 Mbps
Channel Power Gain (g n,) 1.42 x 10~*
New Connected User Threshold 1

Xomaz 500 m

Yinaz 500 m
Altitude of UAVSs (z,(t)) 200 m

6.3. Performance Evaluation

We conducted experiments using a discrete event simulation for the performance
evaluation. In these experiments, we have an environment whose size is 500 x 500 m?.
In this environment, there are various number of user attraction points around which
the user densities are higher. Note that the location of those users and attraction points
are initially not known by the system. The corresponding simulation parameters are
given in Table 6.1. Throughout the experiments, we used Python 3.10. Moreover, we

used PyTorch version 2.2.0 for the training of DRL agents.

In our experiments, we assumed that each user in the environment produces a task
with the parameters D,,, Cp,, Ay, and 17, Moreover, each produced task should
be offloaded to one of the serving UAVs since we assumed that the computational
capabilities of user devices are not sufficient to meet the task requirements. Similarly,
each detector and serving UAV is identical in terms of radius, and altitude. Considering
the offloading, we ignored the propagation delay for simplicity. Note that our essential
goal was to maximize the overall task success as defined in Equation 6.17. We repeated

our experiments 50 times with different seeds. The duration of each experiment in
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Table 6.2. Hyperparameters of DRL algorithm.

Parameter ‘ Value ‘
Learning Rate 0.005
Discount Factor 0.99
Initial Exploration 1

Exploration Factor 0.99

Final Exploration 0.01

Replay Memory Size | 1000000
Batch Size 64

simulator time was 1000 seconds.

6.3.1. Training Step

Regarding algorithm given in Figure 6.2, we train a DRL agent through detec-
tor UAVs for each iteration as long as it provides new connections. To this end, we
tested several hyperparameters throughout the training step in order to achieve con-
vergence for different user distributions in the environment considering the final model.

Generally, we used random search based on our experience in the domain [147].

The neural network in our final model consists of three layers each of which in-
cludes 128 neurons. Rectified Linear Unit (ReLU) is applied for each neuron as the
activation function. We used mean squared error (MSE) for the loss, and stochastic
gradient descent (SGD) as the optimizer. On the other hand, for the initial exploration,
exploration factor, final exploration, and replay memory size, we used well-known val-

ues from the literature as given in Table 6.2.

Since the learning rate is the most crucial hyperparameter for the performance
of the model, we exclusively tested different settings. Thus, we determined 0.005 as
the final value for the neural network of the agents. Figure 6.4 shows the effect of two
different learning rates over episodes. As shown in the figure, a lower value of learning
rate, such as 0.0005, causes a late convergence in the environment. On the other hand,

if we use 0.005 as the learning rate, the model converges earlier which provides time
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Figure 6.4. Effect of learning rate on scores for each episode using 100 users.

efficiency.

6.3.2. Competitors

We used two competitors as benchmark methods namely the Community Flying
(CF) and Random methods similar to [148]. In CF, we divided the environment into
equal communities, and the center of each community was evaluated as a possible user
attraction point. Accordingly, detector UAVs are sent to those centers for possible
connections and corresponding QoS measurements. Afterwards, the required number
of serving UAVs is deployed based on the needs of those areas. On the other hand,
in the random method, the possible attraction centers are selected randomly in the
environment based on the available number of detector UAVs. We named the random
methods based on the available number of detector UAVs as in the case of CF. To this

end, for example, if we use 8 detector UAVSs, then the method is named as Random-8.
6.3.3. Performance Experiments
We first evaluate the performance of DeepAir considering the effect of varying

numbers of users, and different serving UAVs. As shown in Figure 6.5, the success rate

of DeepAir is quite high based on the successfully placed detector UAVs through DRL.
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Figure 6.5. Effect of the number of users and serving UAVs on DeepAir.

Note that based on the configuration in the experiments, at most six detector UAVs are
used when we apply DeepAir. On the other hand, when the number of users increases
based on the same number of attraction points, the task success rate for each serving
UAV case decreases. This is an expected result since the computational capacity of
those serving UAVs would not be sufficient to meet the higher number of tasks produced
by each user in the environment. Similarly, a higher number of serving UAVs results

in a higher task success rate since they provide more computational capacity.

Prior to the evaluation of the performance of benchmark methods, we first con-
ducted experiments to observe their success rate using different numbers of detector
UAVs. To this end, as shown in Figure 6.6, we compared 4, 6, 8, and 16 detector
UAV cases using 80 users. As expected, using an increased number of detector UAVs
provided a higher task success rate since the probability of covered users in the en-
vironment is higher in that case. Therefore, we used CF-16 and Random-16 as the

benchmark methods in the experiments.

The performance of Random-16 and CF-16 methods based on different numbers
of users and serving UAVs are shown in Figure 6.7. The results manifest that CF-16
provides a better task success rate since it is a more structured approach. However,

even though random decisions are taken in Random-16, when we use 9-10 serving
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Figure 6.6. Effect of the number of detector UAVs on benchmark methods using 80

users.

UAVs, the task success rate is above 70% which is quite good. On the other hand,
when the number of users increases, the task success rate decreases in both methods

for the same reasons that we elaborated on regarding the results of DeepAir.

After the evaluation of benchmark methods and DeepAir, next we compared
their most successful deployments in which we used ten serving UAVs. Figure 6.8
shows the results of this comparison. Based on the results, DeepAir outperforms both
benchmark methods for different user counts. Note that since the arrival rate for each
task, A, is 0.30 task/sec, each user produces 300 tasks on average for each experiment.
Moreover, both benchmark methods deployed 16 detector UAVs in this comparison,
while DeepAir utilized at most six detector UAVs. On the other hand, the task success
rate is close for each method when there are 100 users in the environment. This is
the result of the insufficient computational capacity of serving UAVs deployed in the
environment. Therefore, even if the best locations are selected for detector UAVs, the
task success rate cannot exceed a certain value under those circumstances. Moreover,
since the accuracy of location selection in Random-16 and CF-16 methods is less than
that of DeepAir, the less number of connected users are served better using ten serving
UAVs. This situation results in close values in terms of the task success rate when

there are 100 users in the environment. In summary, although the user locations are
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Figure 6.7. Results of benchmark methods.

successfully detected, if the number of serving UAVs is not sufficient for a certain load,

the task success rate improvement requires more UAVs.

Since the relationship between the number of detector UAVs and serving UAVs
is also significant, and Figure 6.6 depicts only the performance of benchmark methods,
we conducted additional tests. To this end, we configured an experiment based on the
same parameters as given in Table 6.1. However, in this case, to evaluate and show
the corresponding relationship more clearly, we fixed the number of user attraction
points and users as five, and 50, respectively. To perform a fair evaluation, each user
attraction point included 10 users along with different user distributions. We tested

the effect of 2, 4, and 6 detector UAVs by deploying 8, 10, and 12 serving UAVs.
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Figure 6.8. Performance comparison between DeepAir and benchmark methods using
10 serving UAVs. While CF-16 and Random-16 use 16 detector UAVs, DeepAir

outperforms them using at most six detector UAVs.

We first evaluated the percentage of connected users considering the number
of detector UAVs based on each method as shown in Figure 6.9. The results show
that when the number of detector UAVs increases, more users can be connected to
the system as expected. As DeepAir uses a smart approach through DRL, it finds
user locations efficiently even using a small numbers of detector UAVs. Therefore, it
outperforms benchmark methods. On the other hand, considering the performance of
benchmark methods, as detector UAVs are placed more strategically in the CF method,
it detects users better than the Random method.

Next, we evaluated the task success rate by deploying 8, 10, and 12 serving
UAVs based on the connected users by detector UAVs. Each user produces 300 tasks
on average for each simulation, hence approximately 15000 tasks were produced for
each experiment in total. The results given in Figure 6.10 show the relationship be-
tween the detector and serving UAVs more clearly. When there is a higher number of
serving UAVs in the environment, the task success rate is close to the percentage of
connected users. Moreover, the task success rate follows the pattern of the connected
users through detector UAVs regarding different numbers of serving UAVs. Therefore,

increasing the number of serving UAVs until the total capacity requirements are met
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Figure 6.9. The effect of detector UAVs on the connected users.
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Figure 6.10. The effect of detector and serving UAVs on task success rate using 50

users.

in a detected area would increase the task success rate consistently.

6.4. Discussion

Considering the fact that the unknown user location problem has not been deeply
investigated in the literature, we think that several points should be discussed based
on our observations and experiments throughout this study. We first noted about the
discrete action space for each type of UAV. Since continuous horizontal actions would

complicate the already complex problem regarding DRL, we applied a discrete action
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space. Moreover, and more importantly, applying a discrete action space alleviates the
problem since it turns that into a maze problem in which there are several different
prizes (RSSI power) in different sections of the environment. The agent learns to follow
those small prizes to reach a bigger prize through episodes. Therefore, the convergence
of the agents would be more quickly compared to the case of a continuous action space.
As a result we could apply the DQN algorithm, which is a less complex regarding other
DRL algorithms such as PPO, and DDPG.

Throughout our experiments, we also observed that higher RSSI due to a bigger
number of users provides more accurate location prediction in DRL. As a result of this,
more users can connect to the corresponding detector UAVs. Therefore, if the capacity
of serving UAVs is so high, it is not so affected by the number of users, then the task
success rate would be larger even though the load is increased. This is an important
observation since, otherwise, the corresponding results would be evaluated incorrectly.
For this reason, the selection of the capacity of serving UAVs and the required CPU

cycles for user tasks are significant for manifesting the accuracy of the experiments.
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7. CONCLUSION

In this study, we defined a novel, next-generation computational paradigm called
air computing. In the face of ever-growing application resource demands, air comput-
ing strives to solve bottlenecks and inefficiencies of the computational infrastructure
by intelligently harmonizing 2D legacy terrestrial resources with novel 3D vertical net-

working technologies.

Air computing is indeed based on a family of technologies such as UAV, LAP,
HAP, LEO, and edge computing. In order to give a complete overview, we first inves-
tigated air computing as a whole regarding its main features and how it contrasts with
former systems such as edge and cloud computing. We then described the individual

technological components and how they fit in the overall architecture.

Moreover, we examined the advantages that would be put forward by a possible
air computing implementation regarding the QoS requirements of the next-generation
applications and QoE expectations of end-users. Then, we elaborated on the potential
use cases where the current paradigms experience difficulty in meeting the dynamic user
demands. Afterwards, we analyzed the opportunities and the corresponding challenges

in an overall context from the perspectives of both the end users and service providers.

Next, we implemented a DRL based task orchestrator, namely DeepEdge, for
edge computing. Throughout the study, we assumed that the offloading decision had
been taken by mobile devices, and the task must be offloaded to one of the edge servers
in the network or to the cloud. Due to the different characteristics of each applica-
tion, generated tasks by mobile users must be handled by the orchestrator considering
the application requirements and the current network conditions. For this reason, we
developed DeepEdge by applying the DDQN algorithm. Even though providing MDP
and coping with the delayed action effect are challenging due to the real-time, and

stochastic nature of the edge computing environment, we successfully implemented a
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DRL agent based on DDQN for the orchestration. We conducted experiments in the
EdgeCloudSim simulator by comparing our model with other approaches in the liter-
ature. Our results showed that DeepEdge has the capability to perform orchestration

for different task types and outperforms its competitors.

In order to provide a development and research environment in which researchers
can conduct experiments for the optimization of task offloading, mobility, and flying
policies in an air computing environment, we designed and implemented a new sim-
ulator, AirCompSim. Considering the dynamic requirements of air computing, we
developed a modular structure for the implementation so that users can extend the
existing policies and event mechanisms based on their needs. Moreover, we designed
a scenario to represent the capabilities of our simulator. To this end, we evaluated
task success rate, service time of different server types, utilization of the resources, and
application-based performance based on the varying number of users and UAVs. Our
results showed that AirCompSim can operate well and therefore would be used as a

testbed for air computing research.

Utilizing the capabilities of AirCompSim, we investigated the unknown user loca-
tion problem in a UAV-assisted environment. The corresponding environment can be
a disaster site, wilderness, or a rural area in which user devices cannot connect to any
communication device and edge servers because of the lack of infrastructure. Moreover,
each user device produces tasks that should be completed regarding their maximum
tolerable delay which is not met by the computational capabilities of user devices.
Therefore, those tasks should be offloaded to the related computational units. In order
to achieve this in such an environment, sensing, localization, resource allocation, and
MEC capabilities should be provided together, sequentially. Therefore, we proposed
DeepAir, a novel approach which uses DRL iteratively via detector UAVs that are re-
sponsible for sensing, localization, and resource allocation. Afterwards, MEC features
are provided to those connected users by serving UAVs. Conducted experiments show
that DeepAir provides a high task success rate by using a small number of detector

UAVs in the environment compared to the benchmark methods.
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Regarding the research and corresponding studies we have performed through this
thesis, one of the most important features of air computing is that it can provide dy-
namic capacity enhancement for any type of environment. Therefore, any system that
may face a bottleneck due to insufficient capacity of network infrastructure, comput-
ing/caching server, or high mobility can use air computing and its related components
in order to increase QoS and QoE. Thus, we believe that air computing can provide

holistic solutions for the next-generation computer networks.

7.1. Future Work

Air computing can affect and therefore solve many different issues through its
3D networking structure. To this end, in the future, we first plan to take energy
consumption into account since energy efficiency is crucial for the movements of the
UAVs which would affect the performance. Therefore, we plan to efficiently optimize

the trade-off between energy consumption and task success rate.

Even though the existing capabilities of AirCompSim provide many benefits, we
plan to add new modules including energy calculations and also dynamically changing
UAV radius based on the altitude. Moreover, we extend its structure considering a

multi-threaded structure. Thus, it can be utilized more swiftly for different scenarios.

Finally, we plan to meet air computing with large language models (LLM). The
ubiquitous execution of LLM-powered applications in a wide variety of environments
through air computing can allow local devices to run LLM and Generative Al (GenAl)

applications easily.
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