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UAV-assisted Multi-tier Computing Framework for IoT Networks

Abeer Tout

ABSTRACT

Next-generation wireless networks are expected to support a massive amount
of Internet of Things (IoT) devices in delivering a wide range of novel resource-
intensive applications. IoT devices, despite their enhanced capabilities, fall short
of meeting the computational requirements of these applications within a strict
deadline. This thesis leverages a hierarchical computational model where [oT devices
offload their computational tasks to a number of unmanned aerial vehicles (UAVs)
that can be deployed in a way to establish strong Line-of-Sight (LoS) links. Being
equipped with computational resources, UAVs process part of the tasks within the
set time threshold while the other tasks are transferred to edge and cloud servers
for potential processing. This work aims at optimizing the number and position
of deployed UAVs, IoT-to-UAV association, resource allocation, and task offloading
to UAVs, edge servers, and the cloud, while ensuring various system constraints.
The problem is formulated as a mixed integer programming problem and solved
using Successive Convex Approximation. An efficient solution is then proposed to
decompose the main problem into two subproblems that are solved iteratively. The
first subproblem minimizes the number of IoT clusters and positions a UAV to serve
each cluster while the second subproblem maximizes the percentage of admitted
tasks using the resulting number of UAVs determined by the first subproblem. As
long as not all devices are fully served, an additional UAV is introduced and the two
subproblems are solved repeatedly. The proposed decomposition solution has been

evaluated as a function of various system parameters and application use cases to
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show optimized performance and high scalability.

Keywords: Internet of Things (IoT), Unmanned Aerial Vehicle (UAV), Hierar-
chical computational model, Line-of-Sight (LoS), Successive Convex Approximation

(SCA).
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Background Information

While the deployment of fifth generation (5G) wireless networks is steadily rolling,
major research efforts are underway to outline the road-map for the sixth generation
networks (6G), as well as the developing trends, designs, and enabling technologies
[1]. One of the most pressing 6G network requirements is to provide global coverage,
connecting terrestrial networks with aerial and space-borne networks, in contrast to
the 5G system, which keeps terrestrial networks as its main focus[2].

Considering the upcoming 6G networks, the use of UAVs as areal stations has
been suggested to help locate terrestrial IoT sensors and offer relay services. [3].

UAVs, usually referred to drones or remotely piloted aircraft, have been more
popular over the past couple decades due to their great mobility and low cost [1].
UAVs have traditionally been utilized primarily in hostile areas by the military to
prevent pilot casualties. Small UAVs are now more widely available to the general
public thanks to ongoing cost reductions and device miniaturization, which has
led to the emergence of numerous new applications in the civilian and commercial
sectors. Typical examples include climate tracking, forest fire identification, traffic
monitoring, disaster search and rescue, relaying data and communication, etc. [5].

UAVs may be roughly divided into two groups: fixed wing and rotary wing (Figure



(a) Fixed Wing. (b) Rotary Wing.

Figure 1.1: Types of UAVs.

1.1), each having distinct advantages and disadvantages. For instance, fixed-wing
UAVs frequently travel at high speeds and carry large payloads, but since they must
continuously move forward to stay in the air, they are unsuitable for fixed functions
like close examination. On the other hand, rotary-wing UAVs can fly in any direction
and can remain fixed in the air despite having limited mobility and payload. As a
result, the applications have a significant impact on the UAV selection.

Numerous applications of remote sensing have profited from the usage of un-
manned aerial vehicles. Most of the time, this was due to the mission’s expense, the
requirement for immediate action or the requirement to undertake observations in a
situation that may be unpleasant or risky to an aircrew. Figure 1.2 represents some
applications of UAVs [6] [7].

In additions, UAV-aided wireless communication is a potential and essential part
of future wireless systems, which must serve more operations while having higher
instructions capacity than the systems currently used[7]. Here are three examples
of common UAV-assisted wireless communications use cases:

-UAV-aided ubiquitous coverage refers to the situation in which UAVs are used to
support the serving area’s existing communications infrastructure.

-UAV-assisted relaying which is a technique where UAVs are used to offer wireless
connectivity between two or more remote users who do not have strong and direct
communication links.

-UAV-aided data collection and information dissemination, in which UAVs are sent
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Figure 1.2: Applications of UAVs.

Aerial base
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out to gather delay-tolerant data to a lot of dispersed wireless devices.

The size of UAVs varies widely, with the smallest weighing less than 1 kg and
fitting easily into personal baggage, and the largest UAVs being the size of human
aircraft. The size variation also relates to various norms and constraints. Currently,
the FAA (Federal Aviation Administration) and the EASA (European Aviation
Safety Agency) only allow UAVs with a take-off weight of less than 25 kg to fly
at altitudes below 120 m, which correlates to uncontrolled airspace that manned
aircraft are not permitted to fly in. In contrast, bigger UAVs are obliged to utilize
regulated airspace and communicate with air traffic control.

For energy sources, in [3], they investigated the potential of deploying a net-



work of UAV charging stations on city rooftops where the UAV will be replaced
by another one while it is charging by the station. Another solution they looked
into was battery hot-swapping, which involves using a docking station with a me-
chanical actuator to replace a UAV’s exhausted battery with a new one. One other
solution was to the laser power but it might not be appropriate for low-altitude
UAVs in cities due to the presence of line-of-sight-blocking structures. Finally, they
looked into the advancements in battery capacity. New innovations on the horizon
promise to increase UAV flight time, alleviating the battery lifespan constraint of
UAV infrastructure.

In [9], they tested the solar power as an energy source and, thus, allows small size
UAVs to carry larger, more capable sensor payloads and can increase flight periods
to more than 24 hours, allowing for multi-day flying .

In addition, for weather conditions, in [10], they used machine learning to have a
continuous proactive situational awareness to improve operational safety. Numerous
UAV activities occur at low heights, where the climate may be more complex than at
higher heights. Additionally, small UAVs are highly sensitive to significant changes
in climatic conditions due to their small size and light weight. Several elements
make up weather awareness, including continuous recognition of high winds, stormy
weather, and climatic zones. This information is helpful for anticipating the best
air spaces and times before these climate challenges arise. The researchers in [11]
estimated the 3D wind flow in less than two minutes using a deep convolutional
neural network (CNN) to allow safer UAV routes in heavy wind situations. Reference
[12] states that a secure UAV flight evaluation should be accomplished in less than
30 seconds.

Recently, the paradigm of UAV-assisted localization has begun to take place
in 6G research, where UAVs act as areal stations and serve for locating ground-
based devices [13]. In addition, due to their great mobility and low cost, UAVs are

one of the finest choices for supplying airborne networks. In contrast to terrestrial



base stations, which are usually characterized by a lack of line-of-sight (LoS), UAVs
functioning as aerial stations are projected to significantly improve IoT networks by
continuously offering dependable device connections. Therefore, using UAVs may
eliminate shadowing problems in the wireless communication networks by ensuring
LoS in the connections, offering a practical means to serve ground devices effectively

[14]. Table 1.1 shows the difference between aerial base stations and terrestrial base

stations.
3D deployment 2D deployment
Short term deployment Long term deployment, enduring
Mobility Fixed
Good Line-of-Sight Lack of Line-of-Sight
Unbounded location Specific location
Limited energy Unlimited energy

Table 1.1: Aerial base stations and terrestrial base stations.

For instance, by establishing LoS connections with terrestrial nodes, UAVs can
offer localization services when ground stations are inaccessible or cannot offer stable
connectivity. In line with this strategy, 6G technologies seek to establish ubiquitous
connectivity by utilizing UAVs to wirelessly link terrestrial and aerial networks [15].

Along the lines of global coverage plan and fueled through recent advancements
in wireless communication technologies, the wide proliferation of IoT devices has
anchored IoT in many facets of contemporary life [16]. This rise of Internet of Things
technology has resulted in the creation of a wide range of IoT devices. [oT devices are
used in smart home apps, tablets, smartphones, edge routers, cellular base stations,
smart traffic systems, smart energy meters, linked cars, smart building controls, and

more. The fast growth of [oT in various verticals unfolded novel services that require



continuous data collection and fast processing of this data for informed decisions.
Due to energy and size limitations, [oT devices are often not capable of locally
processing complex tasks that might additionally require more data collected from
other devices. Edge computing emerged as a viable solution to complement the IoT
capabilities rather than cloud computing that results in higher delays and energy
consumption. Edge servers that are, however, stationed in fixed positions cannot well
adapt to changing environment to ensure a target deadline for given applications.
This being said, UAVs are introduced as a mobile platform on which computational
resources can be mounted to serve as an agile and flexible edge server. Nonetheless,
UAVs can serve as aerial base stations and are projected to significantly improve IoT
services by offering more reliable communication links. This is achieved by adjusting
the UAVS’ locations to establish line of sight connectivity with the available IoT
devices, thanks to their high mobility and flexibility [14], [17], [1&].

In this study, we aim at combining the benefits of the various computational
platforms in a multi-tiered model, where lower tiers are more flexible and closer
to IoT devices but possess lower computational resources. Simpler and more delay
sensitive tasks tend to be processed at the lower tiers, while more complex tasks
and those with relaxed time constraints are offloaded to higher tiers. We consider
a field of IoT devices that produce computational tasks with strict time constraints
and develop a hierarchical computational model composed of three layers. At the
bottom layer, a swarm of UAVs are deployed in a way to establish line-of-sight links
and collect the tasks from the IoT devices. The UAVs process part of the tasks and
offload the rest to be distributed between middle layer composed of edge servers and
the upper layer containing the cloud. The goal is to build a multi-tier computational
model composed of a minimized number of UAVs and develop an efficient solution
that optimizes the UAV locations, resource allocation, associations, and offloading

decisions while ensuring the tasks’ deadline.



1.2 Thesis Organization

The rest of this thesis is organized as follows. In Chapter 2, we cover the related
literature. Chapter 3 explains the system model and its key components. In Chap-
ter 4, we formulate the considered problem as a mixed integer program. Chapter
5 describes the proposed scalable and efficient solution. Chapter 6 presents perfor-
mance results for various scenarios. Finally, conclusions are drawn and future works

are discussed in Chapter 7.



CHAPTER 2

RELATED LITERATURE AND THESIS

CONTRIBUTIONS

Due to their physical size and restricted storage, computational, and energy re-
sources, loT devices are classified as resource-constrained devices. Allocating their
scarce resources while minimizing energy consumption, cost, execution time as well
as maximizing computing efficiency become more and more challenging. In partic-
ular, these network edge devices are rapidly expanding, which causes large amounts
of data to be transmitted continuously in a short amount of time. These data must

be rapidly processed and returned.

2.1 UAV-assisted MEC:

Mobile edge computing (MEC) played a major role in assisting loT devices in per-
forming their computation-intensive tasks within their deadlines at mobile edge
servers located at their proximity [19]. In recent years, research on MEC such as
power consumption and latency has been actively conducted. The MEC server can
handle many tasks, as it gets closer to the device, the processing delays can be sig-
nificantly reduced compared to cloud servers[20]. Even though MEC offers several

benefits, it is still constrained by the positions of fixed towers. As a result, it is



difficult to set up MEC anytime or everywhere. Additionally, there is a good chance
that natural disasters might occasionally damage the infrastructure. Furthermore,
establishing connectivity for temporary usage in rural locations or mountains is very
challenging. In the aforementioned conditions, IoT devices are unable to properly
function in order to service their users. Therefore, the agility, flexibility and scalabil-
ity of UAVs has led to the introduction of UAV-assisted MEC to act as a computing
platform for IoT devices at dynamic places [21][22]. The UAV-assisted MEC can
then speed up computations by shifting tasks to the nearby server which reduces of-
floading tasks to the cloud, hence, reducing the communication latency and allowing
more tasks to be completed within their deadlines.

In [23] and [24], the authors addressed task offloading and trajectory optimiza-
tion for UAV-enabled MEC networks aiming at minimizing the energy consumption
and delay. The authors in [25] jointly optimized the deployment of UAV cloudlets
and offloading decisions of tasks with strict latency requirements. In [20], the au-
thors used the UAV as a computing and relay node aiming at reducing the average
latency of all users. The authors in [27] proposed a learning-based cooperative
particle swarm optimization approach with a Markov random field-based decom-
position strategy aiming at optimizing UAV resource allocation while minimizing
the maximum response time of forest fire monitoring. In [28], the authors proposed
reliability-aware computation offloading in a UAV-enabled MEC system aiming at
maximizing the number of requests while optimizing the UAVs deployment and
their resource allocation. In [29], a UAV-assisted MEC system in which a set of de-
ployed UAVs attempt to reduce the total task execution time of all the ground users
by cooperatively optimizing the proportion of the offloaded tasks, the paths of the
UAVs, and the user scheduling variables. Later in [30], the authors studied a UAV-
based MEC system in which a moving UAV empowered with a computing server
was proposed to assist user equipment in computing their offloaded tasks. By simul-

taneously optimizing the task-bit allocation and the UAV path, the overall mobile



energy consumption was reduced. In [31], authors has analyzed the optimal height
of UAV-based base stations for maximum communication coverage. M.Alzenad et
al. in [32], proposes an efficient UAV 3D deployment with the goal of maximizing
covered users based on optimal altitude and according to various quality of service
requirements. In [33], the authors aim at finding the minimum number of UAVs
needed and their locations to deliver the different control commands to all the ToT
devices while meeting the commands’ latency and reliability constraints. Luo in [34]
has proposed a cloud-supported UAV application framework that provides UAVs
with real-time data processing capabilities by offloading video data to cloud servers.
However, offloading data to the remote cloud increases communication latency. The
majority of the papers employed various techniques to reduce latency. However, it
is equally critical to find a strategy to maximize task execution within the specified

time frame.

2.2 Multi-tier computational offloading:

Low latency, significant reliability, and robust online security safety are requirements
for many present and emerging applications [35]. These can’t be fully satisfied by the
standard cloud computing paradigm, which necessitates using high bandwidth links
to transfer large amounts of data and computational tasks to the cloud, making it
challenging to achieve the demands of low latency and good energy savings. There-
fore, to further enhance system performance, research studies are actively working
on meeting the massive amount of devices and computation-intensive requests by
adopting multi-tier computational offloading. Multi-tier computing was developed
in heterogeneous networks to deliver low-latency operations by efficiently merging
edge computing with fog computing and taking full advantage of all the resources
of the IoT devices, edge servers and cloud [30]

Wang et al. in [37] aimed at minimizing the system latency in heterogeneous

multi-layer MEC where tasks are allowed to be offloaded to upper layer more pow-
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erful computing servers and cloud. The authors in [38] used machine learning to
decide on the cloudlets deployment and resource allocation while minimizing service
latency and enhancing resource efficiency. In [39], the authors aimed at maximizing
the number of offloading tasks in a three-tier framework composed of multiple users,
MECs, and a cloud. The authors in [10] optimized the offloading decision and re-
sources allocations aiming at minimizing the network operator’s computational cost
and devices’ energy consumption usage in a multi-tier edge cloud architecture while
respecting the devices’ latency requirement. In [11], the authors addressed commu-
nication, offloading, and computation resource allocation in a three-layer network
architecture that consists of mobile devices, edge and helper cloudlets aiming at
minimizing the computation cost and energy consumption. The edge server and
cloud combination was used by the majority of the studies. However, it is inter-
esting to investigate the impact of including UAVs into the network as they offer

greater LoS and latency.

2.3 Contribution

In contrast to the related work, this thesis presents a UAV-assisted Multi-tier Com-
puting Framework for IoT Networks where the goal is to optimize the number and
position of deployed UAVs while maintaining low latency requirements.

The main contributions of this work can be summarized as follows:

1. Developing a multi-tiered computing framework with the lower tier constituted
of UAV-mounted cloudlets, and determine the minimum number and optimal
placement of UAVs to serve latency-sensitive [oT applications while taking into
account a set of limitations related to computational tasks, available resources,

and quality of service objectives.

2. In the developed multi-tiered computing framework, we optimize the number

and position of deployed UAVs, IoT-to-UAV association, resource allocation,

11



and task offloading to UAVs, edge servers, and the cloud. To do so, we for-
mulate the problem as a mixed integer programming problem and solving it

using successive convex approximation.

. Propose an efficient solution that decomposes the main problem into two sub-
problems, the first of which employs three methods: the Elbow technique, the
Gap-Statistic method, and the Silhouette method, to find the optimal number
of clusters which represents the UAVs. The solution then uses the k-means
algorithm to find the positions of UAVs. The output of this subproblems, the
number and location of UAVs, will be the input of the second subproblem,
whose purpose is to maximize the proportion of admitted tasks. This proce-
dure is repeated by raising the number of UAVs by one until the maximum

percentage of admitted tasks is reached.
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CHAPTER 3

SYSTEM MODEL

As depicted in Figure 3.1, we consider I IoT devices, denoted by Z = {1,2,..., 1},
randomly distributed in an area to routinely monitor and gather data that must be
processed for appropriate decision making within a short period of time. The IoT
devices are expected to generate \; tasks/second, where each task is characterized
by a task size s;, and a deadline 7T;. The IoT devices have no computational ca-
pabilities to process or partially process the tasks and, thus, need to offload them.
Uploading the tasks to the available base stations requires high energy consump-
tion especially in poor channel conditions. To this end, a multi-tier computational
model is developed to optimize the task offloading process and deliver the tasks
within their target deadline. The computational model is composed of three tiers:
UAV-tier, edge-tier, and cloud-tier. The UAV-tier deploys a minimum number of
UAVs, denoted by U = {1,2,...,U}, with strong line-of-sight connection with the
IoT devices, and each possess f, cycles/sec computational capacity. The edge-tier
constitutes the available base stations, denoted by &€ = {1,2, ..., E'}, that offer the
backhaul links to the UAVs and are in turn equipped with individual edge servers
with f. cycles/sec. The cloud-tier, which is at the upper level, constitutes the cloud
resource with a high computational capacity f. cycles/sec and a fixed upload rate
R..

In particular, there are three possible situations while computing a task: (1)

13
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Figure 3.1: System model.

UAV may perform the computations and then send the results to the appropriate
[oT device. (2) When the available processing capacity is not enough for the UAV to
handle the task, the latter is ofHoaded to the edge server. The task will be processed
by the edge server, and return the result. (3) Finally, when the processing capacity
surpasses the capabilities of the edge server, it is routed through the UAV and the

edge server to the central cloud.

3.1 Computational Model

Every IoT device ¢ € Z generates computation requests based on a Poisson distri-

bution with an average rate \;. Tasks generated by the same IoT device share a

14



common deadline T; and offloaded to an associated UAV for potential processing.
Each UAV ends up processing a percentage of the workload generated by a number
of ToT devices. Since devices ¢ € Z generate their tasks according to a Poisson
process with rate )\;, the aggregation of workload from different IoT devices can also
be modeled as a Poisson process with rate ). ;.

We assume the processing capacity of UAV u in U is denoted f,, cycles/sec, and
the service rate in requests/s is thus computed as f, /L, where L is the average size
of the computation tasks in cycles. The same is assumed for the edge server and
the cloud.

UAVs, edge servers and the cloud are assumed to execute IoT requests in an
exponentially distributed manner with an average service time equals to 1/, 1/ e,
and 1/u. respectively, where p,, p. and, p. are the average service rate of the
associated component u, e and, ¢ respectively.

In light of this, every UAV can be modeled as an M/M/1 queuing system with
a service rate f,/L. Similarly, edge servers and the cloud are modeled as M/M/1
queues and collect tasks generated by [oT devices using a Poisson process. therefore,
each edge server e in E and the cloud c¢ is characterized as M/M/1 queuing with a

service rate f./L, and f./L, respectively.

3.2 Communication Channel Model

Assuming that the line-of-sight component dominates the wireless channel, the chan-

nel gain h between may be stated as follows.

hey = K (dd" )a (3.1)

X7y

where K is the path loss constant (unit-less), « is the path loss exponent which
is equal to 2 in free spaces, dj is a reference distance (=1m), and d, , is the distance

in meters between the transmitter x and the receiver y. To upload a task from an

15



[0oT device to a UAV, the transmitter = here is the [oT device and the receiver y is
the UAV. Same thing is assumed to send task from UAV to edge server.

The attainable data rate of the uplink channel is based on the Free-Space Path
Loss model, thus calculated as follows:

-From IoT i to UAV u:

(3.2)

R, = 6B log, (1 + #)
o

where 9;, is the number of resource blocks assigned to UAV w from IoT i, B is the
bandwidth of one resource block, h;, is the channel model between the IoT device i

and UAV wu, and P,; is the transmit power of the IoT device <.

-From UAV u to edge server e:

(3.3)

hue * Py
Rue = 5ueB logQ (1 + #)
g

where ¢, is the number of resource blocks assigned to edge e from UAV wu, B is
the bandwidth of one resource block, h,. is the channel model between the UAV «
and edge server e, and P, is the transmit power of the UAV w.

-For the cloud: We assume a high speed bandwidth of the backhaul link to the

cloud. Therefore, similar to [12], the cloud upload rate R, is a fixed value.

3.3 Delay Model

When the IoT device i offloads its task to one of the UAVs u, then we have a time
of ;¥ to upload the task. The processing times at UAV w, edge server e, and cloud

c are denoted as, t7"°, tP"°

y Yiu ) Vie

respectively and £ are the process time required for a
task to be processed. In addition, t"?, and t'?, are the time required to transmit

ue’ ec’

the task from the UAV to the edge server and from the edge server to the cloud

16



respectively. Additionally, just like in other related works, such as [25] and [13], it is
assumed that the task output data will be significantly smaller than the task input
data provided by the IoT device. As a result, the download time %4, to deliver the
response to the IoT device is assumed negligible.

To ensure that the task is executed in one entity only, we define three binary

variables m;,, m;., and m;. where:

, if task of 10T ¢ is executed by UAV u

0, otherwise

, if task of IoT 7 is executed by edge e
Mie = (35)

0, otherwise

1, if task of IoT ¢ is executed by the cloud
0, otherwise
Where:
Z My, + Zmie + M = 1; (37)

Therefore, the total delay ti°"® experienced by IoT device i can be calculated as

follows:

$Lotal — P PO o (8P 4 870 A g (9 A £ 4 0O (3:8)

where 1/ should be less than the required deadline 7T; of the ToT device i.
We denote by a;,, and b,., two binary decision variable that indicates if IoT 7 is

associated with UAV w, and if UAV w is associated to edge server e respectively.
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bue

1, if ToT ¢ is associated to UAV u
Ay, =

0, otherwise

1, if UAV wu is associated to edge server e

0, otherwise

(3.9)

(3.10)

Given that the UAV, edge server, and cloud are each represented as an M/M/1 sys-

tem as previously mentioned, the process time, which reflects the overall duration

spent to process the IoT tasks by the UAV, edge server or the cloud, is determined

using Little’s law. Therefore, the process time is equal to:

-For UAV:

-For edge server:

-For cloud:

tpro _ My
W (ffu - ZX Axy * Mxy * /\x)
tPro _ Mie
e (ff — 33T Ay * Dye k Mye * Ax)
m.
= :

(ff - Ze Zu Zx Axy * bue * My * /\x)
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CHAPTER 4

PROBLEM FORMULATION

In this section, we formulate the problem mathematically to find the minimum
number of UAVs needed and their locations to serve all IoT devices before the
deadline.

The IoT devices transfer their tasks to UAVs. The computations might be han-
dled by the UAVs, which would subsequently transmit the results to the relevant
[oT devices. Sometimes, the task is delegated to the edge server when the com-
putational workload cannot be computed at the UAV due to insufficient available
computational capacity. The edge server will process the task and deliver the out-
come back to the UAV then to the IoT. Finally, the task is routed through the UAV
and the edge server to the central cloud when its complexity exceeds the capability
of the edge server. The formulated problem establishes the number of UAVs to
be deployed, the position of each deployed UAV, the connection of IoT devices to
UAVs, UAVs to the edge server, and edge server to the cloud, and the site of task
execution. The problem is intended to guarantee that the delay constraint of all
devices is met.

We denote by d,, a binary decision variable that indicates if the UAV u is

deployed.
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1, if UAV w is deployed
d, = (4.1)

0, otherwise

According to the above, the problem is formulated as a mixed integer program

P1 as follows:

U
Minimize Zdu (4.2)
u=1
subject to  a;, < d; Vie[l, I}, ue[l, U] (4.3)
U
> aw =1; Vie[l, I], ue[1, U] (4.4)
u=1
E
D bue <1; V uell, Ul eel, E] (4.5)
e=1
Qi > My Vi€[1, I), uell, U] (4.6)
Zaiu*bue > mie; Vie[l, I], ee[l, E] (4.7)
Z Z Qi * bye > Mye; Ve[l ] (4.8)
Zzézu+zzéue =R
i u u e (49)

V ie[1, I], ue[l, U], e€[1, E]

SN V(=202 T (e — yu)? 2 0V w,well, U] (4.10)

u=1 w=1
D M+ Y mie +mie = 1; Ve[l 1] (4.11)
tzitotal < ﬂ; (412)
%—Zaw*mw*/\i > 0; Y uell, U] (4.13)
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% — Zaw k Dye % Mye x A; > 0; V e€[1, B (4.14)

%_ZZZaw*bue*mic*)\iZO (4.15)

This formulation aims at optimizing the number of deployed UAVs while meeting
various constraints related to computational tasks, time limits, available computa-
tional resources, and performance constraints.

The objective function in (4.2) minimizes the number of deployed UAVs. This
is implemented by just reducing the summation of the whole matrix that indicates
whether a UAV u is deployed or not. The constraint in (4.3) ensures that the IoT
device 7 is associated and served to one deployed UAV u. Therefore, if a device is
not chosen to be deployed in the network, it is not connected with a UAV. Devices
shouldn’t be connected to UAV u d, is set to zero. The binary variable a;, should
likewise be set to zero when d,, is zero. In fact, the inequality in equation (4.3) that
requires the value of a;, to always be smaller than or equal to d, makes this possible.
On the other hand, a device ¢ can be connected to a UAV w if it is deployed. For
instance, a;, is set to one or zero to indicate if a device is connected to UAV u or
not, and d, is set to one.

The constraint in (4.4) enforces each IoT device i to be assigned to only one
UAV w. The constraint in (4.5) imposes that each UAV w is assigned to at least one
Edge server e. In particular, if the task is executed by the UAV, there is no need for
the task to be offloaded to the edge server. For this reason, the association between
UAV and edge server might be equal to zero. The constraints (4.6) (4.7) (4.8) ensure
that a task of IoT device ¢ cannot be executed by the UAV u or edge server e of
the cloud if there is no association between them, respectively. The constraint (4.9)

gives the total number of resource blocks that can be assigned for UAVs and edge
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servers based on the total bandwidth. In particular, R represents the total number
of resource block for all the system which is equal to R = B;/ B, where By is the total
bandwidth of the system and B is the total bandwidth of one resource block. d;,
and d,. are the number of resource blocks allocated for the communication between
IoT 7 and UAV u, and between UAV u and edge server e respectively. Hence, the
summation of these resource blocks distributed in the network should be equal to
the maximum number of resource blocks allowed. The constraint in (4.10) enforces
a minimum safety distance 6 between any two deployed UAVs. The constraint in
(4.11) imposes that the task is either executed by UAV, edge server, or the cloud.
The constraint in (4.12) guarantees that the total delay time ¢/ is less than or
equal to the required deadline T; of IoT device i. And finally, the constraints (4.13),
(4.14), and (4.15), ensures that the M/M/1 queuing systems at the UAVs, edge
servers, and cloud are stable. The formulated problem is a mixed integer non-linear
program that is very complex to solve. Also, the constraints (4.10), (4.6), (4.7),
(4.8), (4.13), (4.14), and(4.15) are non linear.

The first constraint (4.10) is linearized using Taylor approximation. Suppose
we have two UAVs u and v, and x,, Y., T,, ¥, correspond to their coordinates
respectively. We set .0, Yuo, Tvo, and y,o as initial values for the coordinates of

UAVs u and v. Therefore, this constraint (4.10) is replaced by

2% (xuO - va)(ZEu - xv) - (xuO - xv0)2

+ 2% (Yuo — Y00) Yu — Yo) — (Yuo — Yo0)* > 07

The other constraints are linearized using typical linearization techniques to
eliminate product of two binary variables, or product of binary and continuous
variables.

For example, in (4.13), the product of binary variables is replaced by the new

binary variable x;,. Then, another continuous variable vy, is created which is equal
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to the product of the binary variable z;, and the continuous variable ;. Suppose

we have

Xiju = Qi Mgy

As a result, the equation (4.13) is replaced by

The same process is applied to (4.14), (4.15), and (4.12). In addition, in (4.12),
the t,,, and tyop should be linearized since the rate R;, and R, in the denominator
has the variable § and the distance as an optimal variables. Therefore, the product

of continuous variables z and y is linearized using the McCormicks method where;

if w=xy

The following constraints are added

w > zly + oyt — alyt

w > aly+ ay¥ — alyV
w < 2Yy 4+ ayt — 2Vyl

w <ty +ay? — 2ty

Due to the high number of binary variables, this problem remains complex to

solve. In the next section, we propose an efficient decomposition solution to solve

the problem
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CHAPTER b

PROPOSED SOLUTION:

DECOMPOSITION APPROACH

Due to this high complexity of the formulated problem P1, in this section we pro-
pose a decomposition approach P2 that defines two subproblems solved iteratively
to determine the minimum number of UAVs and their positions, then optimize the
IoT-to-UAV association, UAV-to-edge association, resource allocation, and task of-
floading.

This problem is decomposed into two subproblems, where in the first subproblem
S1, we try to minimize the number of UAVs and position them. To determine the
minimized number of UAVs capable of covering the complete field of IoT devices,
we utilize a clustering technique to find the minimum number of cluster and their
positions where each represents a UAV.

Clustering techniques are divided into two main types; partitional clustering and
hierarchical clustering. In order to use partitional clustering techniques, such as the
k-means algorithm, the number of clusters must be determined beforehand. How-
ever, this is not the case with hierarchical clustering. In addition, for big databases,
partitional clustering approaches, as opposed to hierarchical clustering, are more

effective and have better time complexity. An nxn distance matrix must be com-
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puted and stored in order to perform hierarchical clustering. This can be costly and
time-consuming for really big datasets. The k-Means technique creates high-quality
clusters and is quicker than other clustering algorithms when working with large
datasets [11]. For this reason, in our proposed solution, we used some methods and
the k-means algorithm to determine the number and position of clusters. There-
fore, to determine the number of clusters, first, we employ three methods; the Elbow
method, the Gap-Statistic method, and the Silhouette method. Each of these clusters
is expected to be served by one UAV. Consequently, after determining the number
of UAVs, we deploy k-means to find the optimized coordinates of these UAVs.

The number and position of deployed UAVs are input to the second subproblem
S2 that aims at maximizing the percentage of admitted tasks. A task is consid-
ered admitted when it is fully processed within the target deadline. If the second
subproblem does not yield a situation when all tasks can be processed within their
deadline, an additional UAV is deployed and passed to the first subproblem S1 to
find the optimized positions that are then fed to the second subproblem §2. This it-
erates until the workload of all devices are being served or until the problem becomes
infeasible. These steps are summarized in the flowchart presented in Figure 5.1.

The Elbow technique (Figure 5.2) varies the amount of clusters k. The WCSS
(Within-Cluster Sum of Square) is computed for each value of K. The sum of the
squared distances between each point and the centroid of the cluster determines the
WCSS value. An elbow is formed by the plot of the calculated WCSS for each k
value. As the number of clusters increases, the WCSS will start to decrease. The
greatest WCSS value occurs when k=1. When we look at the graph, we can see
that it quickly transforms into an elbow at one point. From this point on, the graph
starts to travel almost parallel to the X-axis. The best k value, or the most clusters,
is the one that corresponds to this point. In particular, we can see that the WCSS
decreases when the number of cluster increases. The optimal number of cluster k is

the value from where the graph starts to travel almost parallel to the X-axis , which
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Figure 5.1: Proposed Solution Flowchart

is k=4 in this case.

The gap statistic (Figure 5.3) compares the values that would be anticipated
under a null reference distribution for the data with the total intra-cluster variance
for various values of k. To determine the ideal clusters, the value that maximizes the
gap statistic will be utilized (i.e, that yields the largest gap statistic). In other words,
compared to a uniform, randomly dispersed distribution of points, the clustering
structure is considerably different. The graph shows that the gap is the highest for
k=4 which means that the clustering structure differs significantly from a uniform,
randomly distributed point distribution.

The silhouette method (Figure 5.4) evaluates how well a clustering is done. In
other words, it establishes how well each object fits within its cluster. A good

clustering is indicated by a high average silhouette width. The average silhouette
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Figure 5.2: Example of the elbow method result.

Optimal number of clusters
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Figure 5.3: Example of the gap statistics method result.

of the observations is calculated using the average silhouette technique for various

k values. The number of clusters with the best k throughout a range of probable k

27



values is the one that optimizes the average silhouette. The graph shows the highest
average silhouette width for k=2 which means that for this number of cluster each

object fits well within its cluster.

Optimal number of clusters
Silhouette method

0.4

0.31

0.2 1

Average silhouette width

0.1

0.01

1 2 3 4 5 6 7 8 9 10
Number of clusters k

Figure 5.4: Example of the silhouette method result.

Regarding the number of UAVs, each of the applied methods may result in a
different value. The average k of the three values is considered and the optimized
positions are determined using the k-means algorithm. To guarantee a minimal
number of UAVs, we start with k—1 UAVs then we run the iterative solution between
the two subproblems until the largest workload can be admitted. For example, in
the previous plots, Figures 5.2, 5.3, and 5.4 the elbow methods returned k=4, the
gap statistics method returned k=4 and the silhouette method returned k=3. Then
we take the average approximation of these values. This latter will be used in the
k-means algorithm to get the coordinates of the clusters. Figure 5.5 and 5.6 present
example scenarios to demonstrate the performance of k-means.

As a consequence, the number and location of the UAVs will be known and used

as an input to the second subproblem P2. Since the proposed decomposition solution
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Figure 5.5: Example 100 IoT devices placed in 100 m x 100 m area.
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Figure 5.6: Example 100 IoT devices placed in 100 m x 100 m area with the three
UAVs (left) and four UAVs (right).

considers two subproblems and a different objective, the problem is reformulated to
maximize the summation of the percentage 7; of the admitted tasks generated by

each IoT devices ¢ € 7.
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Therefore, the percentage of admitted tasks 7; is now taken into account while

calculating the process time as the following;:

-For UAV:
mjy,

(ff“ — D7, A ¥ Mgy * Ty % Ax)

pro __
tiu -

-For edge server:

oo Mje
e~ /f
(fe - Zu Zx Ay * Due * Mye * Ty * /\x)
-For cloud:
Mje
Pre —
’c

(ff - Ze Zu Zxaxu * bue * My * Tx * >\x)

As a result, we can define the new optimization problem as S2:

I
Maximize g T\
i=1

U
subject to Zaw = 1; Vie[l, I], ue[l, U]
u=1
E
D bue <1; V uell,U), ee[L, E]
e=1

Qi > My Vi€[1, I), uell, U]

Zam k bye > Mye; Viell, I], e€[l, E]

u

Z Zaw * bye > mye; Ve[l I]
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ZZ(S"“ + 225”6 = R; Vie[l, I],ue[l, U], ee[1, E]
me + Zmie + My = 1; A ZG[LI]
ttetal < T ¥ ie[1, I], ue[1, U], ee[l, E]

fu

I —Zaw*mw*ﬂ*)\zzo V”LL&[LU]

%_;Zam*bue*mie*ﬁ*/\iZOVee[l,E]

%_Zzzaiu*bue*mic*n*)\izo

(5.10)
(5.11)
(5.12)
(5.13)

(5.14)

(5.15)

This formulation aims at maximizing the number of admitted tasks while meeting

various constraints related to computational requirements, time limits, available

computational resources, and performance constraints. The goal of this formulation

(5.4) in 82 is to maximize the percentage of tasks that are fully processed within

their target deadline. This is implemented by just maximizing the product of the

percentage of admitted tasks 7; and the task generation rates \; of all IoT devices

1e L.

The formulated problem is mixed integer non-linear problem due to the con-

straints (5.7), (5.8), (5.9), (5.13), (5.14), and(5.15). These constraints have been

linearized as described in previous section.
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CHAPTER 6

SIMULATION RESULTS AND

PERFORMANCE ANALYSIS

In this section, we examine the performance of problem P1 solution and the de-
composition solution P2 in terms of efficiency and scalability. To do so, we present
detailed simulation results and evaluate the performance in terms of the number of
deployed UAVs and time complexity. Then, we apply the proposed decomposition
solution to selected application use cases by considering different time limits for
the computational tasks. The decomposition problem is addressed using the mixed
integer linear programming solver of MATLAB’s optimization toolbox after being
linearized as mentioned earlier, the three methods and the k-means algorithm are
implemented using the R programming language.

In our simulation, we consider a small network with a 100 m x 100 m area and
randomly dispersed IoT devices. The reason behind choosing a small network is
that the time complexity is very high for the solution of problem P1. The system
parameters are summarized in Table 6.1 unless otherwise indicated.

We begin by evaluating the solutions to P1 and P2. The average number of
deployed UAVs in relation to the total number of IoT devices is presented in Fig-

ure 6.1. We can see that the decomposition solution produces results that are very
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Parameters Value
IoT transmit power P, ; 0.2 Watt
UAV transmit power P, 5 Watts
UAV computational capacity f, 1.5 GHz
Edge server computational capacity fe. 10 GHz
Cloud computational capacity f,. 1 THz
Total bandwidth By 20 MHz
Path loss constant K 1
Path loss exponent « 2
Reference distance dy 1m
Thermal noise power o> 1076 Watts
Task size s; 50 KB
Task computational demand L 250 cycles/bit
Task deadline T; 10 ms

Table 6.1: System parameters used in the simulations.

close to the solution of P1. We may also deduce with certainty that more UAVs are
required to complete all tasks when more devices are added, leading to a rise in the
number of requests. Additionally, we note that we stopped the simulations at 100
devices due to extensively increased execution time to solve P1.

Figure 6.2, an increase in [oT devices creates a bigger network situation and
dramatically affects how quickly the solution of P1 may be generated. On the other
hand, the proposed approach is demonstrated to be a very effective alternative to
produce highly optimized results with low complexity for reasonably large networks.
For example, the decomposition solution demonstrated to be 22 times faster than
the solution of P1, while only requiring one more UAVs for a network with 100 IoT
devices.

Due to the problem P1 solution’s high level of complexity, we perform our next
simulations utilizing only the decomposition solution. Therefore, we increased the
network size to 500 m x 500 m for all the next simulations, and the number of IoT
devices is set to 100 devices.

To further study the effects of time deadlines and response times we plot in

Figure 6.3 the average number of deployed UAVs for different verticals and according
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Figure 6.1: Average number of UAVs required to serve the IoT devices for problem
P1 solution compared to the decomposition problem P2 solution, as function of
total number of devices.

to different request rates. The computation task request rate ranges between 10
and 100 requests/sec. The graph demonstrates how the number of deployed UAVs
rises along with the request rate. Due to the low computational capacity of the
UAVs, we can observe that the number of UAVs decreases when the request rate
increases. Additionally, as the deadline increases, the number of UAVs deployed
becomes constant because they are mainly employed as a relay between the devices

and the edge server and most tasks will be executed in the cloud.

Industry Vertical | Deadline Range | Applied Latency Limit
Factory Automation 0.25 - 10 ms 2 ms
Manufacturing Cell 5 ms 5 ms

Smart Grid 3 - 20 ms 10 ms
Road Safety 10 - 100 ms 20 ms

Table 6.2: IoT industry verticals with their deadline ranges as per [15].

For the following simulations, we consider different applications set up on the
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Figure 6.2: Execution time of problem P1 solution versus the decomposition problem
P2 solution as a function of the number of IoT devices.

[oT devices. We take into account diverse industrial verticals with varying time con-
straints and distinctive features. Table 6.2 lists the industry verticals that were used
in this section. We contrast the four various IoT industrial sectors while accounting
for their latency constraints.

In Figure 6.4, we plot the average number of UAVs required to serve the IoT
devices as a function of the deadline for different task input sizes. The graph shows
that, when the task sizes increases, the average number of UAVs also increases. This
is due to the high upload time with a small deadline. For a given deadline, when the
total time increases, the system will need more UAVs to execute the tasks before
deadline. In addition, since executing tasks by the edge server and the cloud takes
more time than executing them by the UAVs, when the deadline increases, we can
see that the number of UAVs decreases.

In Figure 6.5, we study the offloading distribution across different industries for
various request rates. The graph shows that when the deadline is low, none of the

tasks is offloaded to the cloud, most tasks are executed by the UAVs and the edge
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Figure 6.3: Average number of UAVs required to serve the IoT devices based on
the decomposition problem solution as a function of the deadline for different rate
of computation task requests.
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Figure 6.4: Average number of UAVs required to serve the IoT devices based on
the decomposition problem solution as a function of the deadline for different task
input sizes.
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Figure 6.5: Offload percentage to serve loT devices in different industry verticals as
a function of the rate of computation task requests.

server. In addition, it is showed that as the the request rate increases, more tasks
are offloaded to the edge server and the cloud. This is due to the low computation
capacity of the UAVs. Additionally, when the deadline increases, we can observe

that more tasks are executed by the cloud.
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Figure 6.6: Offload percentage to serve loT devices in different industry verticals as
a function of different number of devices.
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To further study the offload percentage to serve IoT devices, we plot Figure 6.6
to examine the offload distribution across various industries and for different number
of IoT devices. In this case, the computation task request rate is fixed for all devices
and set to 10 requests/sec. As the previous plot showed, a tight deadline leads to
executing most tasks by the UAVs and increasing the deadline results in offloading
the tasks to the edge server or the cloud. Moreover, the graph illustrated that
increasing the number of IoT devices leads to offloading more tasks to the edge
server or the cloud because the UAVs cannot support the high amount of tasks
most of them will be employed as a relay. Similarly, when the deadline is tight
and the number of devices is low, most tasks are offloaded to the UAVs due to its

computation capacity.
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CHAPTER 7

CONCLUSION AND FUTURE WORK

In this thesis, we studied the problem a multi-tier computational model where the
goal is to optimize the number and position of deployed UAVs while maintaining a
low latency requirement. The problem was formulated as a mixed integer program,
and we suggested a low complexity effective solution by splitting it into two sub-
problems. In the first sub-problem, we used three different methods to minimize the
number of UAVs and the k-means algorithm to determine their positions, and in the
second one, we use these results as an input and keep on iterating by increasing the
number of UAVs until we reach the maximum number of admitted tasks. Results
are shown and examined in relation to a variety of criteria and quality of service
restrictions. We showed that the suggested method works well in terms of reach-
ing near-optimal performance with very little complexity, making it particularly
interesting for scenarios involving significant number of IoT devices.

For future work, we can consider the IoT devices’ mobility as though they were
mobiles. Thus, the UAVs’ mobility must also be taken into account. In addition,
UAVs use a variety of power sources, but each has different limitations in terms
of weight distribution, charging and discharging duration, size, payload capacity,
energy density, and power density. Therefore, it is also interesting to study the

energy of the UAVs in a network.
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