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ABSTRACT

Emerging applications with low-latency requirements such as real-time analyt-

ics, immersive media applications, and intelligent virtual assistants have rendered Edge

Computing as a critical computing infrastructure. Since large data centers cannot be

placed everywhere, placing cloudlets nearby the users provides an effective solution to

these requirements. Existing studies have explored the cloudlet placement problem in

a homogeneous scenario with different goals such as latency minimization, load balanc-

ing, energy efficiency, and placement cost minimization. However, placing cloudlets in

a highly heterogeneous deployment scenario considering the next-generation networks

and IoT applications is still an open challenge.

The goal of this dissertation is to specifically tackle strategic placement of

cloudlets to reduce costs associated with providing edge services (deployment cost,

energy consumption) as well as improving metrics important to the users such as cover-

age, service stability, and access latency. These problems are significantly challenging

because the cloudlets have limited capacities whereas users have dynamic demands.

Moreover, both users and cloudlets can be heterogeneous. As we move into next-

generation networks and IoT, the placements need to be done in even denser and highly

heterogeneous scenarios. Another challenging aspect is the continuous user mobility.

These several placement challenges in edge computing systems are hence addressed

by mathematically modeling diverse placement scenarios based on real-life constraints.

However, the complexities of these problems make the mathematical models inherently

NP-hard, even with the simplifying assumptions. As a result, the core of the research

lies at solving these problems by designing efficient and scalable solution approaches.

xii



Chapter 1

INTRODUCTION

1.1 Background

The advances in wireless network technologies and computational capabilities

of smart connected devices have now made it possible to use many novel and sophisti-

cated applications not feasible before. Domains such as healthcare, connected vehicles,

and smart cities have generally been beneficiaries of this innovation and so have con-

temporary applications like live streaming on social media apps and games on virtual

reality headsets [56]. As per Gartner Newsroom around 6.3 billion connected “Things”

were used in 2016, and this number was projected to be 20.4 billion at the end of

2020 [3]. Likewise, AT&T stated in 2019 that data traffic on their mobile network

has increased by about 470,000% since 2007. They expect 4K video, autonomous cars,

drones, VR/AR, and mobile gaming to drive as much as 75% of their data traffic

in 2022 [2]. Despite massive improvements in mobile hardware capabilities over past

few years, it is still a challenge to run computation and data-intensive applications on

mobile devices since they are restricted by weight, size, battery life, and heat dissi-

pation [46]. These restrictions impose limitations on processing power, memory, and

storage capacities of these devices.

Edge computing, sometimes used interchangeably with the term Fog computing,

is a relatively new computing paradigm that provides a distributed computing solution

at the edge of the network. As such, mobile users are able to consume the computing

resources in their vicinity. These resource-rich components placed closer to the users

are called “cloudlets” or “micro data centers” [63, 64]. The mobile devices can offload

their resource-intensive applications to cloudlets to augment their resources while ex-

periencing significantly reduced latency compared to the conventional cloud [23, 45].
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Since cloudlets are geo-distributed, a challenge lies in strategically placing them in an

area to reduce the placement cost while providing low-latency edge services.

Despite existing research literature in cloudlet placement in edge computing,

very few view the problem from the heterogeneous perspective and evolving needs of

the next-generation networks and IoT applications. It is now clear that there will be

many novel, cutting-edge, and large-scale applications on billions of connected devices

and IoT (Internet of Things) endpoints that will be pushing boundaries of the existing

infrastructure [49, 67]. As we move into and beyond 5G networks, presence of micro

network operators (MNOs), smaller cell towers, and short-range millimeter wave com-

munication lead to a highly localized and heterogeneous deployment environment [7].

Cloudlets here can be used to complement available cloud resources as well as provide

quick ad hoc solutions to areas with low coverage [23].

Cloudlet placement is at the core of providing ultra-low latency services by

the likes of Verizon Inc. with their 5G Edge service [4]. Ensuring consistent low-

latency across the region and providing full coverage to all users is computationally and

economically expensive in such scenarios. Therefore, many factors such as cost, latency,

capacity, and coverage must be considered for heterogeneous cloudlet placement. One-

track approach to optimize only one of these objectives, persistently presented by

multiple studies, is very limited in heterogeneous real world scenarios. As a result,

they fall short of addressing all the practical aspects of the cloudlet placement problem.

In the next section, we explore the current research gap and how the approaches we

design address those concerns.

1.2 Research Gap

To realize full potential of edge computing, efficient and scalable approaches for

placing cloudlets are needed. Different approaches have been used to tackle the cloudlet

placement problem, however, they do not fully address all important aspects of cloudlet

placement in edge computing systems and next-generation networks. We have divided

2



the research gap into two categories based on the scope of the proposed solutions:

classical placement problem approaches and edge computing placement approaches.

1.2.1 Classical Placement Problem Approaches

The classical approaches to tackle the placement problems include approaches

for facility location problems, clustering problems, and assignment problems. The most

studied among them is the metric uncapacitated facility location problem. Multiple

studies [15, 16, 39, 48, 66] have proposed approximation algorithms for this problem.

Byrka and Aardal [15] provided a bifactor approximation algorithm for the facility cost

and the connection cost, which are analogous to parameters important to our research

such as placement costs and latency. However, there are no capacity constraints.

Mahdian et al. [48] additionally provided a 2-approximation algorithm for the soft-

capacitated version of the problem. However, capacity is a hard constraint in our

problem. Thus, these approaches are not directly applicable to our problem.

For capacitated k-facility location problem, Aardal et al. [6] provided a (7 +

ϵ) approximation algorithm for uniform opening costs and non-uniform capacities by

placing at most 2k facilities. However, as full coverage service is significantly important

in edge computing, it is not known that k cloudlets will suffice in any scenario. Also,

the costs depend on multiple parameters such as the capacity of a cloudlet and coverage

radius. General clustering approaches such as k-means and k-medoids do not apply

well to our problem for the same reasons. Raghavan et al. [62] did the first study to

formulate integer programming models for capacitated mobile facility location problem.

They provided algorithms to find fractional LP solutions and an LP rounding heuristic

that works well with homogeneous facilities. However, the heuristic is not guaranteed

to terminate with a feasible integer solution.

There are some studies which are too broad to considered an edge computing

placement approach and too specific to be considered a classical placement problem

approach. These studies lie in the intersection of our two categories. A study by Liu et

al [41] uses k-means clustering on spatial distribution of base stations in 5G networks.

3



Their work is brief and does not consider heterogeneity, capacities, and placement costs.

Jiao et al. [32] proposed a sequential heuristic algorithm that runs in polynomial time.

However, their approach applies to only tree-structured networks. Likewise, they have

guarantees on convergence but no performance bound. All of these reasons necessitate

specific approaches that directly address unique requirements of edge computing in

next-generation networks.

1.2.2 Edge Computing Placement Approaches

1.2.2.1 Static Placement Approaches

Multiple clustering-based approaches have been proposed to place cloudlets.

Kang et al. [33] used a greedy geographic clustering approach to balance workload and

collaborative scheduling to reduce access delay. Jia et al. [31] proposed density-based

clustering and k-means clustering of users to minimize response time. Zhang et al. [82]

focused on reducing latency by greedily selecting cloudlets with minimum distance to

the center of the user cluster. However, none of them consider placement costs and

heterogeneity of cloudlets in their approach. Furthermore, a cloudlet is most often

placed at the centroid of each cluster of users without consideration for individual user

requirement. This is unlike real world where the connectivity requirements of the users

must be met individually.

A few studies concentrate on placing edge computing resources for one spe-

cific application such as big data processing [22, 68] or virtual reality [10]. Fan and

Ansari [22] considered the placement for big data processing based on a load allocation

scheme. Veith et al. [68] also presented a study for data stream analytics at edge.

Likewise, Bastug et al. [10] discussed edge server placement for augmented and virtual

reality applications. Extremely specific properties of the system are leveraged in these

studies rendering them ineffective for general placement of cloudlets.

Further greedy approaches include Zeng et al. [81], who proposed a greedy-based

algorithm that minimizes the number of cloudlets to be placed considering latency re-

quirements. A greedy heuristic approach is proposed in [77] to reduce access delay for

4



users served from nearby access points. Li et al. [40] proposed energy-aware placement

of cloudlets using swarm optimization, while assuming users are mapped to cloudlets

through base stations. Yao et al. [78] presented a greedy approach with heterogeneous

cloudlets and placement costs. However, they consider user coverage in terms of prob-

ability of user contact with access points. Only the last study directly considers the

placement cost and none of these studies consider full coverage of individual users.

Other approaches include Wang et al. [72] proposing a binary-based differen-

tial evolution cuckoo search (BDECS) algorithm. They emphasize on deployment of

cloudlets based on cost and latency for Internet of Things (IoT) scenario. However,

they consider fixed placement cost ignoring heterogeneity. Another study [69] inves-

tigates deployment of edge servers cost-effectively so that the collective area of edge

servers is maximized. Their focus is primarily on maximizing coverage at a reduced

placement cost. In short, none of these studies investigates a general heterogeneous de-

ployment scenario or considers the mapping of individual users or devices to cloudlets.

Therefore, we have proposed two static cloudlet placement approaches that directly

address these issues.

1.2.2.2 Dynamic Placement Approaches

The static approaches described in the last two sections do not consider the

mobility of the users, the cloudlets, or both since they are primarily designed for per-

manent placement of cloudlets, hence, are not suitable for scenarios where placements

need to be updated in very short time intervals.

When it comes to dynamic placement of mobile computing resources, there are

related studies on UAV positioning and mobility models in flying ad-hoc networks

(FANET) and node placement in wireless sensor networks (WSN) [58, 79]. Studies on

WSN node placement focus on maximizing surveillance area or geographical coverage

of the nodes [79]. However, our problem is concerned with covering actual devices that

need computing resources and connectivity to services. Moreover, higher geographic

5



coverage may not even lead to better coverage of users or devices in a dynamic envi-

ronment where multiple sub-regions may not even have any users. Likewise, FANET

positioning and mobility models are essentially geographical deployments, and they

too do not follow the users or their demands. Many models are in fact based on time-

based, topological, and even random positioning of UAVs, agnostic of user mobility or

demand [58]. Hence, existing studies in both of these domains insufficiently address

the dynamic mobile cloudlet placement problem.

Specific to mobile cloudlet placements, there are extremely limited studies on

dynamic or online placement of cloudlets since the primary infrastructure has been

most often perceived to be static and perennial. However, mobile cloudlets have be-

come increasingly relevant due to ubiquitous mobile applications today, rendering a

necessity for more studies. Most studies instead focus on online user allocation based

on offloading or QoS requirements to already placed cloudlets [37, 59, 61, 75]. These

are user-centric approaches which address only part of our overall placement problem.

Xiang et al. [76] proposed an adaptive cloudlet placement approach for mobile appli-

cations. Their approach identifies gathering regions of mobile devices using position

clustering and generates mobility paths of the cloudlets to new locations based on

the shortest distance. Their approach inherently does not capture the mobility of each

cloudlet as a part of the main decision, which is to determine the cluster centers instead.

They recalculate cluster centers in each time slot and only calculate the mobility paths

after the new cluster centers are established. Moreover, their approach looks at the

placement from a 2D perspective with homogeneous cloudlets and is computationally-

heavy, which limits its applicability significantly, especially for real-time scenarios.

Zhang et al. [83] presented another adaptive cloudlet placement approach that directly

improves on the previous study. They proposed a covering-based clustering technique

to determine cloudlet placement locations. They also made the covering algorithm par-

allel on Spark to speed it up. However, their approach again relies on generating the

shortest mobility path, and the limitations stay the same since their core assumptions

are exactly the same as the previous study.
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Wang et al. [70] proposed an online algorithm that dispatches UAV-mounted

edge servers by identifying UAV hover locations to complement existing infrastruc-

ture during heavy usage by maximizing the number of served tasks. However, they

do not consider separating distance between the UAVs and possible interference when

they are placed too close to each other, around the same location. Although the

UAVs hover at different heights, all devices are assumed to be on the ground. Hence,

the coverage is observed in terms of the 2D influence radius on the ground. More-

over, they do not consider the concept of service stability. A dynamic approach for

mobile environments by Yuan et al. [80] uses deep-learning for virtual edge node place-

ments in edge cloud systems. Their combination of deep-learning-based predictions and

hierarchical-clustering-based placement approach is catered more towards dynamic ser-

vice placement than the actual placement of mobile cloudlets. Service or application

placement approaches have inherently different properties which are not suitable to

our problem. Moreover, user mobility is highly uncertain and even deep-learning may

lead to inaccuracy and consequently high latency services. Furthermore, considering

the importance of user privacy, we aim to design an approach that does not rely on

learning or predicting user mobility patterns.

Apart from [70], none of the existing dynamic placement approaches consider

cloudlet capacities or user to cloudlet assignments as a part of their problem formula-

tion. Most importantly, in all existing studies, the movement of the individual cloudlets

is not directly guided by changes in device positions and demands in their immediate

surrounding. In our dynamic placement approach, the mobile cloudlets are aware of

and respond to changes around them in real-time. There is no prediction involved,

which reduces the run-time overhead. Similarly, sensitive long-term mobility data re-

quired for those predictions do not need to be acquired or processed by our approach.

1.2.2.3 Distributed Placement Approaches

Among existing approaches, there are several approaches related to resource

and server placement in distributed systems and networks, but very few approaches
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that make placement decisions in a distributed manner. Enyioha et al. [20] proposed a

distributed resource allocation strategy to control the spread of a process in a network

similar to controlling the spread of a contagion. This is different from our problem

with no spread but high mobility. Huang et al. [28] proposed a distributed resource

allocation approach for network slicing in fog computing using similar ideas to the

previous study. Our problem is again fundamentally different from network slicing.

Clustering-based approaches have been used to establish centers of placement of

cloudlets in static placement approaches. Consequently, there are various distributed

clustering approaches [8, 35] which can potentially be used to perform distributed

cloudlet placement. Binder et al. [14] also provided a distributed approach to gravita-

tional clustering in their work. However, mobile cloudlet placement has heterogeneous

cloudlets and demands, which are not sufficiently addressed by clustering. Furthermore,

clustering repeatedly over different time slots leads to the same issues we described for

clustering-based dynamic placement approaches. When it comes to approaches specif-

ically designed for mobile cloudlet placement, there is a lack of distributed placement

approaches in the research literature. To the best of our knowledge, we will provide

one of the first works to explore placement of mobile cloudlets in a distributed manner

in this dissertation.

1.3 Organization

The remainder of this dissertation is structured as follows. In Chapter 2, we

mathematically formulate the static cloudlet problem and introduce OCP, a detailed

mathematical model for Optimal Cloudlet Placement. In Chapter 3, GACP, a meta-

heuristic Genetic Algorithm-based Clouldet Placement approach for fast generalized

heterogeneous cloudlet placements is presented. In Chapter 4, we further extend our

study on static cloudlet placement to design, ACP, a bifactor approximation algorithm

for cloudlet placements in highly heterogeneous scenario. Chapter 5 presents, DCP, a

comprehensive system model and the mathematical formulation of the optimal dynamic

mobile cloudlet placement problem. In Chapter 6, we present PMCP, an efficient
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physics-inspired dynamic mobile cloudlet placement approach. Chapter 7 proposes

an efficient and scalable distributed approach to dynamic mobile cloudlet placement

problem. We finally conclude the dissertation in Chapter 8.
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Chapter 2

THE STATIC CLOUDLET PLACEMENT PROBLEM

2.1 Background

The edge computing infrastructure is just taking shape. One of the most im-

portant aspects of building the infrastructure is to place resources to cater long-term

user demands. There are studies on perennial placement of edge servers or cloudlets

to address these needs. However, many existing studies consider the static placement

from homogeneous resource perspective, indirect user connectivity, and with no flexi-

bility to extend the idea to systems with high mobility. Hence, we begin by exploring

the static placement of cloudlets in edge computing systems where heterogeneity, user

connectivity, and the potential to handle mobility are the foremost priorities. In this

chapter, we address this static cloudlet placement challenge by designing a generalized

cost-aware cloudlet placement model. We formulate a general representation of the

cloudlet placement problem considering a set of heterogeneous cloudlets and multiple

user devices with the objectives to minimize the cloudlet placement cost and to ensure

the placed cloudlets can cover all the users’ requests guaranteeing minimum latency.

Furthermore, our model also finds the full mapping of devices to the placed cloudlets.

Finally, the design of the approach provides an elegant premise for handling mobility

through extension of the model.

2.1.1 Static System Model

We aim to efficiently place mobile cloudlets to specific locations in a region to

serve the demands of all the end (mobile) devices that require edge services. We model

the region as a two-dimensional space (grid), where cloudlets and end devices can exist.

The end devices could be at any point in the space. On the other hand, we assume
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only a set of candidate points within the grid are available where the cloudlets can be

placed and the devices can be best served. The candidate points are selected based

on the load of user requests and the location of user demands over a long period. The

cloudlet placement itself is not a long-term decision and is repeated over time.

The set of candidate points is defined as P = {ρ1, ρ2, . . . , ρn}, and each refers

to a location in the grid (in coordinate axes). A set of cloudlets is denoted by C =

(c1, c2, . . . , cw). The cloudlets are heterogeneous and each cj ∈ C is represented by

a 4-tuple cj = {Πj, Mj, Sj, rj} denoting its attributes: VM specifications (processor

capacity Πj (in GHz), RAM Mj (in GB), storage capacity Sj (in GB)) and coverage

radius rj (Euclidean distance units).

A set of heterogeneous end devices requiring edge computing services is denoted

by E = (e1, e2, . . . , ev). Each ei ∈ E is represented by a 4-tuple ei = {πi, mi, si,

λi} denoting its attributes, where πi is the processing demand (in GHz), mi is its

memory demand (in GB), si is its storage demand (in GB), λi represents the location

of the device (in coordinate axes). In addition, we define distance function d(a, b) for

calculating the Euclidean distance between points a and b.

The incurred cost of placing cloudlet cj ∈ C at a candidate point ρk ∈ P on

the grid is defined by a cost function Φ(cj, ρk) (simply, ϕjk). The cost may include

procurement cost, space (rented, public) cost, mobility cost, and maintenance costs.

End devices may experience delays in receiving their computing services based

on the availability of bandwidth and distance metrics [26]. To capture that, we define

a latency function L(ei, ρk) (simply, lik) that represents the latency when end device

ei ∈ E is serviced from a cloudlet placed at candidate point ρk ∈ P of the grid.

Our goal is to minimize the cost of deploying cloudlets in the region and simul-

taneously minimize the latency in accessing edge services, while providing the services

to all end devices (full coverage). This is a bicriteria optimization problem and com-

putationally NP-hard [71]. We next provide the mathematical optimization model of

this problem.
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2.2 Optimal Cloudlet Placement

We now formulate the heterogeneous cloudlet placement problem as a bicriteria

optimization model. We define the following decision variables:

yjk =

1 if cloudlet cj is placed at candidate point ρk,

0 otherwise,

and

aik =

1 if device ei is served from candidate point ρk,

0 otherwise.

We mathematically formulate the optimal cloudlet placement (OCP) as an Integer

Program (IP) as follows:

Φ = min
∑w

j=1

∑n
k=1 ϕjk yjk

L = min
∑v

i=1

∑n
k=1 lik aik

(2.1)

Subject to:

w∑
j=1

n∑
k=1

yjk ≤ |C| (2.2)

d(λi, ρk)aik ≤
w∑

j=1

rjyjk ∀ei ∈ E , ρk ∈ P (2.3)

v∑
i=1

miaik ≤
w∑

j=1

Mjyjk ∀ρk ∈ P (2.4)

v∑
i=1

siaik ≤
w∑

j=1

Sjyjk ∀ρk ∈ P (2.5)

v∑
i=1

πiaik ≤
w∑

j=1

Πjyjk ∀ρk ∈ P (2.6)
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aik ≤
w∑

j=1

yjk ∀ei ∈ E , ρk ∈ P (2.7)

w∑
j=1

yjk ≤ 1 ∀ρk ∈ P (2.8)

n∑
k=1

yjk ≤ 1 ∀cj ∈ C (2.9)

n∑
k=1

aik = 1 ∀ei ∈ E (2.10)

yjk ∈ {0, 1} ∀cj ∈ C, ρk ∈ P (2.11)

aik ∈ {0, 1} ∀ei ∈ E , ρk ∈ P (2.12)

The objective functions shown in Eq (2.1) minimize the total cost of placing the

cloudlets and the total latency suffered by the devices. Constraint (2.2) ensures that

the total number of cloudlets placed in the grid does not exceed the number of available

cloudlets. Constraints (2.3) guarantee that each device must be within the coverage

range of some cloudlet. Constraints (2.4-2.6) satisfy supply and demand in terms of

memory, storage, and processing requirements. Constraints (2.7) guarantee that a

device can be served from a candidate point only if at least one cloudlet is placed

there. Constraints (2.8) ensure that at most one cloudlet is placed at any candidate

point. Constraints (2.9) ensure that a cloudlet can only be placed at a single candidate

point. Constraints (2.10) guarantee that all devices must be served, and each is served

from exactly one candidate point. Finally, constraints (2.11-2.12) ensure the integrality

requirements of the decision variables.

OCP finds the optimal placement of the cloudlets minimizing both the place-

ment cost and the service latency, while guaranteeing full coverage. Our goal is to

solve OCP in the presence of trade-offs between these two conflicting objectives. Next,

using an example we show the ϵ-constraint method and its limitations in solving our

multi-objective problem.
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Figure 2.1: An OCP Cloudlet Placement Scenario

2.2.1 Optimization Example

Figure 2.1 represents a scenario with 20 grid points, 7 candidate points, 25 devices,

and 5 cloudlets to be placed such that the optimization criteria of OCP are met. In

this figure, the candidate points are denoted by numbered circles with their respective

index. Likewise, low-demand devices are represented by smartwatch icons, and high-

demand devices are shown as cellphone icons. For this example, the specifications of

cloudlets and devices are provided in Table 2.1 and Table 2.2, respectively.

Table 2.1: OCP Example: Specifications of Cloudlets

Type Πj Mj Sj rj ϕjk

Large 20 20 20 3 63
Medium 10 10 10 2 32
Small 5 5 5 1 16

Table 2.2: OCP Example: Specifications of Devices

Type πi mi si

High-Demand (Cellphone) 2 2 2
Low-Demand (Smartwatch) 1 1 1
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In this example, among the 5 available cloudlets, 1 is large, 3 are medium,

and 1 is of small size, according to their capacity and coverage radius factor.

We now use the ϵ-constraint method for solving our multi-objective problem.

In the ϵ-constraint method, we optimize one of the objective functions and use the

other objective functions as constraints [50]. We use this approach to find a set of

Pareto-optimal solutions, where none of the objective functions can be improved in

value without degrading the other objective value.

2.2.1.1 Minimizing Cost (OCP-Cost)

Figure 2.2a shows the perspective of minimizing only the cost (i.e., latency

objective is ignored), while providing full coverage. In the figure, the sizes of cloudlets

are depicted by the radius around the candidate point. The larger the radius, the

larger is the cloudlet placed at the candidate point. The devices can be observed to be

within the coverage of multiple cloudlets but they are assigned optimally. The figure

shows that only three (2 medium, 1 large) cloudlets are placed to serve all the devices,

and the minimum cost is 127. However, this solution does not lead to the minimum

latency for the users (the obtained latency is 48).

(a) OCP: Optimal Cost Placement (b) OCP: Optimal Latency Placement

Figure 2.2: Single-objective Optimal Cloudlet Placement Solutions
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2.2.1.2 Minimizing Latency (OCP-Latency)

Figure 2.2b depicts the perspective of only minimizing the latency (i.e., cost is

relaxed), while providing full coverage. Unlike the solution of OCP-Cost, the optimal

solution of OCP-Latency consists of all available cloudlets. The minimum latency is 22.

2.2.1.3 Cost-Latency Tradeoff

We now investigate how the Pareto-optimal solutions behave when using the

ϵ-constraint method. Note that the other objective becomes an additional constraint

with different threshold values in OCP.
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Figure 2.3: OCP: Cost versus Latency Trade-off

For our analysis, we use the latency value of OCP-Cost solution as the initial

threshold, which is an upper bound on latency in the added constraint. We then

gradually decrease the threshold value until there is no solution to OCP-Cost, meaning

that we reach the optimal solution of the latency objective. This is shown in Figure 2.3.

When the minimum cost obtained by OCP-Cost is 127, the value of latency is 48, but

the best value of latency at this cost is 37 (see green “x”). By adding a new hard

constraint on latency (e.g., 25), the best achievable cost increases to 145. If we further

16



decrease the latency constraint to 22 (optimal latency), the best cost becomes 175 (see

red “x”).

All of these suggest a clear trade-off between cost and latency, and optimizing

one does not give the best value for the other. It is even more challenging when the

problem size is large since the trade-off range becomes even larger. This is why we

need to design efficient approaches to solve this problem based on different real-life

scenarios.

2.3 Chapter Summary

In this chapter, we mathematically formulated a general system model consid-

ering heterogeneous cloudlets and user devices which allowed us to optimize cost and

latency while ensuring all devices are serviced. However, it is not possible to optimize

both objectives simultaneously, and an inherent trade-off exists between the objec-

tives. As a result, we propose efficient approaches to solve this problem in the next

two chapters.

17



Chapter 3

GENETIC ALGORITHM-BASED CLOUDLET PLACEMENT

3.1 Background

Deploying cloudlets is costly and may not be feasible in many situations (e.g.,

disaster situations, emergency rescue, unexpected surge in user demand) and regions

with sparse or no infrastructure of wireless access points such as remote rural areas [19].

For these situations, an emerging method called Vehicular Edge Computing (VEC) has

been introduced, where smart vehicles (SV) such as Unmanned Aerial Vehicles (UAVs)

and Connected and Autonomous Vehicles (CAVs) are considered as computational

cloudlets due to their inherent attributes such as mobility, low operating costs, flexible

deployment, and wireless communication ability [44, 84]. SV-mounted cloudlets can

augment edge computing capacity, enhance its coverage, improve latency by executing

the offloaded applications. While VEC can bring many opportunities, efficiently placing

cloudlets brings new research challenges as it is a dynamic decision to balance the load

and improve latency.

The cloudlet placement problem is known to be NP-hard [71], and an efficient

way to solve large-scale placement problems is by using heuristic and meta-heuristic

approaches [25]. In particular, Genetic Algorithm (GA) is a discrete technique that

is suitable for combinatorial problems such as grouping, ordering, and assignments.

This meta-heuristic approach uses population-based search by relying on bio-inspired

operations such as mutation, crossover, and selection [54]. With a well-designed fitness

function, diverse initial population, and suitable termination, a genetic algorithm is

known to find high-quality solutions in a short amount of time. The design of genetic

operations is also flexible and allows parameter tuning to find better results. Moreover,
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since covering the end devices is crucial in our problem, GA is a suitable approach that

can lead to high coverage [24].

In this chapter, we propose a GA-based cloudlet placement approach, which

allows a smooth trade-off between the objectives to obtain close to optimal solutions

at a markedly lower running time. We ensure that the devices are covered by the

placed cloudlets considering the cloudlet capacities and latency requirements of the

applications.

We perform extensive experiments to show the effectiveness of our proposed ap-

proach in finding close to optimal cloudlet placements in different deployment scenarios

and different degrees of freedom in placing them. Our experiments are designed based

on real data containing WiFi hotspot locations and usage statistics obtained from NYC

OpenData [17].

3.2 The GACP Algorithm

In this section, we propose a novel Genetic Algorithm-based method, called

GACP, to find a close to optimal solution for the cloudlet placement problem.

GACP, given in Algorithm 1, receives the input parameters C, E, P , Φ, L,

δ, R, Xp, Mp, where δ is a device coverage threshold, R represents the initial size of

the placement set, Xp is a crossover probability, and Mp is a mutation probability.

GACP uses an estimated value of cost (ÔPT ) and initial number of cloudlets needed

(minc) by calling the LP relaxation of OCP-Cost, LP-OCP-Cost() (line 2). This is a

pre-processing step to obtain a lower-bound on cost and initial number of cloudlets in

polynomial time to be used in the fitness function and to produce initial placements, re-

spectively. GACP creates a set of random cloudlet placements to the candidate points,

called Cloudlet Candidate Placement (CCP) (line 3). The goal of GACP is to improve

this set iteratively (i.e., generation of genetic operations) to find a better solution. To

keep track of intermediate solutions, GACP uses an initially empty set B representing

the Best Placement Set obtained at the end of each iteration. The iterations continue

until GACP finds at least R assignments in B from which the best one is selected.
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Algorithm 1 GACP

1: Input: C, E, P , Φ, L, δ, R, Xp, Mp

2: (ÔPT ,minc)← LP-OCP-Cost()

3: CCP ← RandPlace(R,minc)

4: DCA ← InitDeviceAssign()

5: repeat
6: Q ← PriorityQueue(CCP)
7: B = ∅
8: while |B| ≤ R do
9: y1 ← Q.pop()

10: y2 ← Q.pop()
11: if (rand(0,1) <= Xp) then
12: O1, O2 ← Crossover(y1, y2)
13: else
14: O1, O2 ← y1, y2
15: O1 ← Mutate(O1)
16: O2 ← Mutate(O2)
17: FP = min(Fitness(y1), (Fitness(y2))
18: FO = min(Fitness(O1), (Fitness(O2))
19: VP = min(Coverage(y1), Coverage(y2))
20: VO = min(Coverage(O1), Coverage(O2))
21: if (FO < FP ) or (FO = FP and VO ≥ VP )then
22: for O ∈ {O1, O2} do
23: if Coverage(O) ≥ δ then
24: B ← B ∪ {O}
25: else
26: for y ∈ {y1, y2} do
27: if Coverage(y) ≥ δ then
28: B ← B ∪ {y}
29: CCP ← B
30: Y ∗ ← SelectLeastCost(CCP)
31: DCA NEW ← DeviceAssign()

32: until DCA NEW != ∅
33: Output: Y ∗, DCA NEW

GACP finds an initial assignment of the devices to the candidate points, called Device

Candidate Assignment (DCA) (line 4). In doing so, each device ei is initially assigned

to its closest candidate point to receive a computing service, min d(ei, ρk),∀ρk ∈ P .

This approach helps in minimizing latency and also in providing a consistent bench-

mark for calculating device coverage for a cloudlet placement.
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Algorithm 2 Crossover(y1, y2)

1: mid point = ⌈|y1|/2⌉
2: for i = mid point to |y1| do
3: swap(y1[i], y2[i])
4: Validate(y1)
5: Validate(y2)
6: return y1, y2

In each iteration, GACP selects two least cost cloudlet placements from the

priority queue (Q) as parent placements (lines 9-10). GACP then crossovers these

placements by probability Xp and calling Crossover() function (line 12, detailed in

Algorithm 2), to obtain their two offspring placements. Crossover() function also

validates the two offspring using function Validate() to ensure that the offspring

placements satisfy the requirements (do exceed the available number of cloudlets of

each type). If an assignment is not valid, extra cloudlets are removed randomly. Then,

GACP mutates the two offspring placements (lines 15-16, detailed in Algorithm 3).

Generally, crossovers happen more frequently and mutations very rarely.

To obtain lower placement cost, our fitness function is defined to select a place-

ment that has less difference with the optimal placement cost (minimum optimality

gap). Since the optimal cost is not known due to NP-hardness, GACP uses ÔPT . The

Fitness() function for a cloudlet placement y is calculated as (detailed in Algorithm 4):

Fitness(y) = |ÔPT − placement cost(y)| (3.1)

Once the fitness values are calculated (lines 17-18), GACP finds the device

coverage of parent placements and offspring placements (lines 19-20). The coverage()

Algorithm 3 Mutate(y)

1: for ci ∈ y do
2: if (rand(0,1) <= Mp) then
3: ci ← int rand(0, |C|)
4: Validate(y)
5: return y
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Algorithm 4 Fitness(y)

1: fy = 0
2: for k = 1 to |y| do
3: cj = y[k]
4: fy += ϕjk

5: fy = |fy − ÔPT |
6: return fy

function (given in Algorithm 5) uses the device assignments and the current cloudlet

placement considering memory, processing, storage, and coverage radius constraints

(by calling function InRange&Capacity()) to check whether a device can be served

(covered) by a cloudlet. This function returns a fraction of covered devices by a cloudlet

placement y:

Coverage(y) =
devices covered(y)

|E|
(3.2)

If the offspring have strictly better fitness, or equal fitness with better device

coverage than their parents, GACP adds the offspring to B (lines 21-24). Otherwise,

the parents are added (lines 26-28). Please note that the offspring and parents are

only added to B if they satisfy a certain coverage (at least the specified threshold, δ);

otherwise, GACP simply moves to the next iteration.

At the end of a generation (line 29), GACP adds the new generation of the best

placements to CCP. The algorithm chooses the least cost placement (Y ∗) and finds the

actual device assignments (lines 31-32). DeviceAssign() is a fail-fast device assign-

ment function to validate the full coverage of the obtained solution. If the function

does not return a solution (line 32), GACP repeats the procedure to obtain a new gen-

eration of best assignments with B from the last generation is now regarded as CCP.

At the end, GACP outputs the final cloudlet placement and the device assignment.

3.2.1 GACP: Example

In this section, we present and describe an example which encompasses one full gener-

ation of genetic operations in GACP including but not limited to the key ideas such as
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Algorithm 5 Coverage(y)

1: covered = 0
2: for i = 1 to |E| do
3: ρk = DCA[i]
4: cj = y[ρk]
5: if (cj = 0) then /*no cloudlet is placed at ρk*/
6: min dist =∞
7: for k = 1 to |P | do
8: ck = y[ρk]
9: if (ck != 0 &&

10: InRange&Capacity(ei, ck)) then
11: if (d(ei, ρk) < min dist) then
12: min dist← d(ei, ρk)
13: index← k
14: if min dist ̸=∞ then
15: covered += 1
16: Πindex -= πi

17: Mindex -= mi

18: Sindex -= si
19: else
20: if InRange&Capacity(ei, cj)) then
21: covered += 1
22: Πj -= πi

23: Mj -= mi

24: Sj -= si
25: return covered/|E|

selection, crossover, mutation, and fitness. This example is based on the same scenario

as presented in Section 2.2.1.

Let c1, c2, and c3 represent different types of cloudlets. This is not to be confused

with cloudlet at index j cj. So, for simplicity, we assume c1 as a large cloudlet, c2 as a

medium, and c3 as a small cloudlet. Assignments will be a vector showing the cloudlets

placed in different candidate points. Having 0 in any index of the vector represents

that the candidate point is empty (i.e., no cloudlet is placed there).
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3.2.1.1 Initial Random Assignments

This is first step of our genetic algorithm. In this step all available cloudlets

are randomly placed across the candidate points as shown in Figure 3.1. GACP will

consistently add/remove/validate cloudlets to optimize our objectives by improving

fitness of the assignments at each generation. For this example we set the size of the

random assignment set to 5 (R = 5). Thus, CCP set has 5 different cloudlet assignment

vectors and B, Best Assignments set, is empty as shown below:

Figure 3.1: GACP: Initial Random Cloudlet Assignments.

CCP ← [{c1, c2, c2, 0, c3, 0, c2},

{c2, c1, c2, 0, c3, 0, c2},

{c2, c2, c1, 0, c3, c2, 0},

{c2, 0, c3, 0, c2, c2, c1},

{c2, c1, c3, 0, c2, 0, c2}]

B = ∅

Note that we keep the initial set intact and use a priority queue, Q, for efficient selec-

tion of cloudlets. The costs of the 5 random assignments, in order of their appearance

in the initial set, are [14, 14, 14, 13, 14]. The priority queue will be ordered like below:

Q ← [{c2, 0, c3, 0, c2, c2, c1}(13),
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{c1, c2, c2, 0, c3, 0, c2}(14),

{c2, c1, c2, 0, c3, 0, c2}(14),

{c2, c2, c1, 0, c3, c2, 0}(14),

{c2, c1, c3, 0, c2, 0, c2}(14)]

3.2.1.2 Device Assignments

Essential part of our problem is not only to place the cloudlets but also to as-

sign each end device to be served by one of those cloudlets satisfying their quality of

services. For an initial device assignments, we ignore the cloudlets and simply focus

on the locations of the candidate points. To be precise, every device is assigned to the

closest candidate point. The intuition here is to begin with the least possible latency.

Many of these devices will be naturally covered by randomly placed cloudlets, and we

use this minimal latency scenario to calculate coverage of the cloudlet assignments.

Only later in the process, any uncovered devices is mapped to the cloudlets by trading

off the coverage with latency. In this example, the initial device assignments for our

25 end devices spread across the grid looks like below:

DCA ← [1, 1, 2, 2, 2, 3, 1, 4, 4, 4, 4, 3, 5,

5, 5, 6, 4, 4, 5, 5, 5, 5, 5, 7, 7]

3.2.1.3 Selection

GACP continues with two assignments with the least total placement costs

(lines 11-12).

y1 ← Q.pop()

y2 ← Q.pop()

In case of a tie, one that appears first in the priority queue set is selected. Hence,

below are the two cloudlet assignments selected from the priority queue.
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y1 = {c2, 0, c3, 0, c2, c2, c1}

y2 = {c1, c2, c2, 0, c3, 0, c2}

Then, the priority queue will have three elements left, two of which are chosen in

the next round.

Q = [{c2, c1, c2, 0, c3, 0, c2}(14),

{c2, c2, c1, 0, c3, c2, 0}(14),

{c2, c1, c3, 0, c2, 0, c2}(14)]

3.2.1.4 Crossover

Here, we use a single-point crossover. GACP crossovers the cloudlet assignments

at their midpoint such that second halves of both the assignments are swapped as shown

in Figure 3.2.

Figure 3.2: GACP: Crossover Operation

The offspring are validated after crossover (checking number of cloudlets of each

size), and the offspring are as follows:

O1 = {c2, 0, 0, 0, c3, 0, c2}

O2 = {0, 0, c2, 0, c2, c2, c1}
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3.2.1.5 Mutate

The Mutate procedure randomly changes cloudlet types at candidate points in

an assignment so that it represents a different assignment set. It may also stay the

same since mutation probability is generally low. The mutation changes are underlined

below.

O1 = {c2, 0, 0, 0, c3, 0, c2}

O1 ← Mutate(O1) = {c2, c1, 0, 0, c3, 0, c2}

O2 = {0, 0, c2, 0, c2, c2, c1}

O2 ← Mutate(O2) = {0, 0, c3, 0, 0, c2, c1}

No validation is required in this case because the number of cloudlets are consistent

after the mutation operation.

3.2.1.6 Fitness

The fitness function takes an assignment set as an input and returns its fitness

value based on the estimated optimal cost. It is worth noting that the estimated op-

timal cost is when we place the least number of cloudlets to meet all demands of the

devices. In this example we have estimated optimal cost, ÔPT = 9. Our assignments

should naturally have some deviation from this estimated optimal cost.

FP = min(fitness(y1), (fitness(y2)) = min(4, 5) = 4

FO = min(fitness(O1), (fitness(O2)) = min(2, 1) = 1

VP = min(coverage(y1), coverage(y2))

= min(0.64, 0.52) = 0.52

VO = min(coverage(O1), coverage(O2))
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= min(0.44, 0.24) = 0.24

In case of a tie, one with higher coverage is chosen.

3.2.1.7 Comparison

Since FO < FP , the offspring are considered for the best set B. The next check

is to compare their coverage values with threshold δ = 0.2. Now that the coverage

values of both O1 and O2 are more than δ, we add them both to B.

B ← B ∪ {O1, O2}

B = [ {c2, c1, 0, 0, c3, 0, c2}, {0, 0, c3, 0, 0, c2, c1} ]

Note: The coverage value δ is used as 0.2 only for illustration since we want to show

how the best set is created. The actual values used are quite high (e.g., 0.95) since we

want to maximize coverage.

3.2.1.8 Repeat

GACP continues the loop by picking up the next two least cost assignments from

the priority queue and performing the same operations with the chosen assignments

until the set of best assignments B has at least |R| assignments satisfying the coverage

threshold δ. Then, GACP checks if all assignments in B are under the desired coverage

threshold δ. If they are not, the best assignments set B becomes the new Cloudlet

Candidate Assignments (CCP) set, and we run a new generation of genetic operations.

Once all of them are under the desired coverage threshold, we select the assignment

with the least cost Y ∗ as the solution. In this case, Y ∗ = {0, c3, 0, 0, c1, c2, c2}.

3.2.2 Convergence of GACP

Since the LP relaxation LP-OCP-Cost() gives the lower bound on the optimal

cost (OCP-Cost) and it is used as the estimated optimal cost ÔPT in the fitness

function of GACP, cloudlet placements that are closer to the optimal cost placement

are favored by GACP. Thus, GACP keeps producing cloudlet placements closer to the
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optimal cost in every iteration. As for the device assignments, GACP only keeps the

intermediate solutions that meet the coverage criteria. These greedy device assignments

are likely to result in full coverage (i.e., all devices are assigned to the placed cloudlets)

when a high coverage value (e.g., δ = 0.95) is chosen.

Moreover, every cloudlet placement is validated and the entire genetic improve-

ment process is repeated until full coverage is achieved in final device assignments

(line 5-32). If its repeated, the best assignments from the last cycle B are retained and

used as the new CCP . Since close to optimal costs with high greedy coverage were

already achieved in the last cycle, genetic operations in the new cycle will prefer better

coverage values without increasing the cost. So, GACP converges fast to a feasible

solution with high probability.

3.3 Experimental Results

3.3.1 Experimental Setup

We perform a set of experiments to investigate the effectiveness of our proposed ap-

proach. For our deployment scenario, we use parts of New York City as it has been

selected by National Science Foundation (NSF) as a testbed for the new wave of mo-

bile technology [18]. Also, the presence of NYC Open Data [17] allows us to access

up-to-date information about implemented hotspot locations and usage statistics. The

primary datasets that we utilize for our experiments are: NYC WiFi Hotspot Loca-

tions and LinkNYC Usage Statistics. The hotspots can be seen in the map shown in

Figure 3.3.

To setup the experiments, we select two neighborhoods in Upper Manhattan:

Central Harlem and East Harlem because of their reasonable size and sufficient hotspot

locations. The unique hotspot locations in these neighborhoods are 183 and 81, re-

spectively.

Next, we reduce the overall map of these neighborhoods into a 2D grid based

on geolocations or coordinates of the hotspots. The reduction preserves the ratio of

distance between two points in the grid with actual distance. Out of the available
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Figure 3.3: WiFi Hotspots in Central Harlem (NYC Open Data).

hotspot locations, we select only a certain percentage as the suitable candidate points.

As pointed out in Chapter 2, the candidate points are selected based on the distribution

of the users (load), feasibility of placing cloudlets, and other appropriate criteria. The

number of devices are selected based on the population data of the neighborhoods

and usage statistics, and the devices are placed across the grid based on a uniform

distribution.

We finally run three main types of experiments: investigating cost, latency,

and running time. We also perform sensitivity analysis on the number of candidate

points by choosing different percentages of candidate points, i.e., 10%, 15%, and 20%

of hotspot locations on Central Harlem data. The number of cloudlets available for

deployment and the number of devices stay the same during the sensitivity analysis.

The optimal results from OCP are found using IBM ILOG CPLEX Concert

Technology API for Java [29]. GACP is implemented in the same version of Java and

the experiments for both are run on the same JVM on a standalone workstation with

Intel Core i7 processor @2.70 GHz and 16 GB of RAM. Please note that we could not

compare our results with other approaches because existing studies either do not have

the same objectives or have different constraints. Hence, any direct comparisons would

be unfair. It is also noteworthy that CPLEX provides the optimal results for the small

cases of the problem, which is a proper benchmark. However, it is not able to obtain

any results as the problem size increases due to NP-harness of the problem.
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3.3.2 Analysis of Results

We first show the results of GACP, OCP-Latency, OCP-Cost in terms of obtained cost,

latency, and running time for Central Harlem Data with 10% candidate points. This

region has 18 candidate points, 343 devices, and up to 14 cloudlets. Since GACP is

meta-heuristic, we run the experiments 100 times to see the distribution of costs and

latency. The results are summarized in Figure 3.4.

Figure 3.4a shows that the costs obtained by GACP are very close to the optimal

costs (OCP-Cost). The GACP costs on average only 8.8% more than OCP-Cost.

Figure 3.4b shows a very effective cost-latency trade-off obtained by GACP as the

average GACP Latency is 7.8% less than the OCP-Cost Best Latency.

We capture the running times for 100 runs of GACP, OCP-Cost, and OCP-

Latency. The results are shown in Figure 3.5. The GACP running time is significantly

less than both optimal approaches. Please note that the extreme spikes in the execution

time of the optimal approaches are due to NP-hardness of the problem.

Next, we run experiments for Central Harlem Data to perform sensitivity anal-

ysis on different percentages of candidate points and analyze their impacts on cost and

latency. As Figure 3.6a shows, the effect on costs is negligible when the number of can-

didate points increases. This is due to the fact that the same number of cloudlets are

able to meet user demands. However, Figure 3.6b shows that spreading the candidate

� �� �� �� �� ���

�����������

���

���

���

���

���

���

���

���

���

�
��

���

���������
�	�������
��������
����
�������
��������

(a) Cost

� �� �� �� �� ���

�����������

���

���

���

���

���

���

���

���

���


�
��
��
��
�


�����������
�	���
������
����
������
���������
����
������

(b) Latency

Figure 3.4: GACP: Experimental Results for Central Harlem Data (10% Candidates)
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(b) Latency

Figure 3.6: GACP: Sensitivity Analysis on the Percentage of Candidate Points

points makes GACP suffer in terms of latency. This is because larger distribution of

candidate points makes it harder to achieve low latency at lower costs. Nonetheless,

GACP has slight improvement in 20% case, which provides an important insight that

designating better candidate points is more important than having more of them. Fig-

ure 3.7a shows the running time. While GACP looks linear, OCP-Cost suffers from

a slow running time. For instance, for 15% candidate points case, solving OCP-Cost

Best Latency takes more than a minute.

Finally, we run experiments on East Harlem data to investigate cost and latency

changes with a different size and dimension. Since the populations of Central Harlem

and East Harlem are similar, we keep the same number of devices and cloudlets as
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(b) East Harlem: Cost and Latency

Figure 3.7: GACP: Sensitivity Analysis of Central Harlem Running Time, and East
Harlem Cost and Latency Comparisons

in the first experiment. However, at 20% candidate point selection, we have just 16

candidate points. Nonetheless, the results (Figure 3.7b) show that both average GACP

cost and average GACP latency are perfectly poised between the optimal value and

the best value for the other objective. Since GACP uses cost for fitness, the cost is

much closer to the optimal value than latency.

The above results sufficiently demonstrate that GACP is an efficient cost-aware

cloudlet placement approach for vehicular edge computing satisfying the desired re-

quirements.

3.4 Chapter Summary

Latency suffered by the users can be mitigated by placing resource-rich mobile cloudlets

closer to the network edge. However, strategically placing the cloudlets to both reduce

costs and ensure all users are covered within their latency requirements is a major

challenge. Hence, we proposed a genetic algorithm-based cloudlet placement approach,

GACP, to obtain close to optimal solutions with fast execution time. The experimental

results based on real data showed that our proposed approach is able to find close to

optimal cost placements by trading-off latency in different scenarios.

Early version of this work was accepted as an extended abstract and selected for
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poster presentation at the 2019 ACM/IEEE Symposium on Edge Computing (SEC).

The resulting research poster was selected and presented as a part of ACM Student

Research Competition at the 2019 Supercomputing Conference (SC’19). The com-

pleted research paper [11] was accepted and presented at the 2019 IEEE CloudCom

where it received the “Best Paper Award”. In the next chapter, we design an efficient

approximation approach for the cloudlet placement problem..
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Chapter 4

A BIFACTOR APPROXIMATION ALGORITHM FOR CLOUDLET
PLACEMENT

4.1 Background

In this chapter, we address the cloudlet placement challenges comprehensively

by designing a bicriteria approximation algorithm. Our goal is to deploy cloudlets with

heterogeneous capacities and coverage radius in a region to provide edge services to

heterogeneous devices in order to guarantee bounded service latency, placement cost,

and full coverage.

The cloudlet placement problem is NP-hard as we prove that the decision version

of the problem is NP-complete (see Theorem 1). For any NP-hard problem, it is

not possible to design algorithms that can simultaneously achieve optimal results in

polynomial time and for all instances of the problem [73]. When designing a solution

for such problems, we must choose any two out of these three properties. Designing

either a meta-heuristic approach or an approximation algorithm is an effective way to

solve such hard problems. While a fast converging meta-heuristic approach is useful,

one of the major limitations of such approaches is the apparent lack of guarantees on

its solutions.

An approximation algorithm is a stronger notion where we can formally claim

that our proposed approximate cloudlet placement (ACP) always results in near-

optimal solution, with simultaneously guaranteed theoretical upper-bounds on both

latency and cost, and ensures full device coverage and consistent performance over all

instances. We use the linear programming (LP) relaxation of our IP formulation to de-

sign ACP as a “bifactor” approximation algorithm, i.e., it provides separate worst-case

bounds for the two objectives. Having a bifactor approximation allows us to isolate
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Table 4.1: Comparison of ACP with existing research
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Kang et al. [33] ✓ ✓
Zhang et al. [82] ✓
Zeng et al. [81] ✓ ✓
Xu et al. [77] ✓ ✓ ✓ ✓
Li et al. [40] ✓
Yao et al. [78] ✓ ✓ ✓
Wang et al. [72] ✓ ✓
Wang et al. [69] ✓
Wang et al. [71] ✓ ✓ ✓
Guo et al. [27] ✓ ✓ ✓
Ma et al. [43] ✓
Meng et al. [51] ✓ ✓ ✓ ✓ ✓

ACP Approach ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

and independently analyze the worst-case scenario for each objective instead of the

overall approximation of their linear combination.

As summarized in Table 4.1, none of existing studies provide approximate so-

lutions with worst-case performance guarantees on both the placement cost and the

latency. Moreover, they do not investigate heterogeneous deployment. Another point

to consider is that the experiments performed in these studies are based on either syn-

thetic or randomly generated networks. Only a few studies have used scenarios based

on real datasets for their experiments (cellular base stations data: [27, 40, 71], trans-

portation network data: [31]). Finally, none of these studies consider full mapping of

individual users or devices to cloudlets.

We perform extensive theoretical analysis and several experiments to show the
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effectiveness of ACP in finding approximate solutions in polynomial time for different

deployment scenarios. We prove that ACP provides a (2,4)-approximation ratio for

the latency and the placement cost, while providing full coverage. Our experiments

are designed based on real data containing the latest WiFi hotspot locations and usage

statistics obtained from NYC OpenData [17], provided by NSF COSMOS [1]. The

results show that ACP efficiently finds near-optimal solutions in these real world-based

scenarios.

4.2 Bifactor Approximation of Cloudlet Placement

We design a bifactor approximation algorithm for the cloudlet placement prob-

lem as shown in Algorithm 6. As we design the algorithm, there is an important

assumption: we assume that the cost function is linearly correlated with the cloudlet

capacities and coverage radius. The algorithm, called ACP, uses linear programming

(LP) relaxation of OCP as a guide to obtain a feasible solution and to provide separate

bounds on the total placement cost and the total latency. To achieve this, ACP runs in

three phases (two parts): 1) filtering, 2) rounding (the first part), and 3) supplementing

(the second part).

ACP receives the set of candidate points, cloudlets and users, and the cost

and latency matrices as inputs. It then solves LP-OCP-Cost() to obtain fractional

solutions y∗jk, a
∗
ik ∈ R≥0 (line 2). Two sets AC and AE are defined to store the mappings

of cloudlets and devices to the candidate points, respectively (lines 3-4). Each set holds

a pair that shows such a mapping. Next, ACP calculates the total fractional latency Di

for each device ei ∈ E to all candidate points and creates a set of nearby candidates Ni

such that Ni is the set of fractionally assigned (non-zero) candidate points within 2Di of

the device (line 5-7). This is the “filtering” phase of the algorithm and has a property

that at least half of every device is assigned to candidates in Ni of the device (see

Lemma 2). ACP then creates a skipped set S and a temporary unassigned devices

set T . ACP uses the temporary devices set to iteratively assign devices to candidate

points or skip them (lines 10-28).
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Algorithm 6 ACP: Approximate Cloudlet Placement

1: Input: C, E , P , Φ, L
2: (y∗jk, a

∗
ik)← LP-OCP-Cost()

3: AC = ∅ ▷ cloudlet to candidate mapping
4: AE = ∅ ▷ device to candidate mapping

/* Filtering */
5: for ei ∈ E do
6: Di =

∑
∀ρk∈P lik a

∗
ik ▷ Fractional total latency

7: Ni ← All ρk ∈ P with a∗ik > 0 within 2Di of ei

8: S = ∅ ▷ Set of skipped devices
9: T = E ▷ Temporary set of devices

/* Rounding */
10: while |T | > 0 do
11: ei ← MaxD(T) ▷ Device with the largest Di

12: ρi ← BestCandidate(ei) ▷ Closest ρk ∈ Ni to ei
13: ci ← BestCloudlet(ei, ρi) ▷ Selected cloudlet
14: if ci = ∅ then
15: S = S ∪ {ei}
16: else
17: AE = AE ∪ {(ei, ρi)}
18: AC = AC ∪ {(ci, ρi)}
19: Adjust remaining capacities of ci
20: Ei ← All ev ∈ E with ρi ∈ Nv ▷ Extended set
21: while |Ei| > 0 do
22: ev ← MaxD(Ei) ▷ Device with the largest Dv

23: if RangeCap(ev, ci) then
24: AE = AE ∪ {(ev, ρi)}
25: Adjust remaining capacities of ci
26: T = T \ {ev}
27: Ei = Ei \ {ev}
28: T = T \ {ei}

/* Supplementing */
29: for ei ∈ S do
30: (c∗i , ρ

∗
i ) ← BestFeasiblePair(ei, AC)

31: if (c∗i , ρ
∗
i ) = ∅ then

32: (c∗i , ρ
∗
i ) ← UpgradeCloudlet(ρ∗i )

33: AC = AC ∪ {(c∗i , ρ∗i )}
34: AE = AE ∪ {(ei, ρ∗i )}
35: Adjust remaining capacities of c∗i
36: Calculate Φ̂, L̂
37: Output: AE , AC, Φ̂, L̂
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Algorithm 7 BestCloudlet(ei, ρi)

1: ci ← ∅
2: if {(c∗i , ρi)} ∈ AC then ▷ Cloudlet already exists

3: if RangeCap(ei, c
∗
i ) then

4: ci ← c∗i

5: else

6: ci ← SmallestFeasibleCloudlet()

7: return ci

In each iteration, MaxD() function takes the temporary devices set T as an

input and returns a device, ei, that has the largest value of total fractional latency, Di

(line 11). This is to ensure the worst possible cases are handled first, which simplifies the

assignment problem as the algorithm progresses. Next, ACP selects candidate point ρi

from set Ni that leads to the lowest latency for ei by calling the BestCandidate(ei)

function. Then, the best cloudlet is selected using the BestCloudlet(ei, ρi) function,

given in Algorithm 7. If a cloudlet c∗i with sufficient capacity and range is already

placed at candidate point ρi (Alg. 7, lines 3-4), c∗i is selected and returned as the

best cloudlet ci. Otherwise, the smallest possible cloudlet that can cover the device

is selected to be placed at ρi (Alg. 7, line 6). If no such a cloudlet is found, i.e.,

BestCloudlet(ei, ρi) returns null (∅), ACP simply skips the device by adding it to S

(lines 14-15). The skipped devices are handled in the second part of the algorithm.

The successful mappings of a cloudlet to a candidate point and a device to a candidate

point are added to the respective solution sets AC and AE (lines 17-18). The demands

(processing, memory, and storage) of the assigned device ei are then subtracted from

the capacity of the selected cloudlet ci.

For every device with a successfully selected candidate point and feasible cloudlet,

ACP creates an extended neighborhood set Ei containing all unassigned devices, ev ∈

T , that have candidate point ρi in their neighborhood set Nv (line 20). ACP then

assigns all devices in Ei that are within the radius and capacity of cloudlet ci and

removes them from T (line 22-26). These devices are prioritized based on the value
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of their total fractional latencies. Device ei is finally removed from the temporary set

(line 28). This concludes the “rounding” phase, where the assignments are finalized

for all devices except the skipped devices kept in S.

The second part of the algorithm (lines 29-35) is for all skipped devices added

to S. Here, ACP assigns each individual device ei to the best existing candidate-

cloudlet pair {c∗i , ρ∗i }. That is, the candidate point with the least latency among the

ones having feasible cloudlets for device ei is chosen. If no feasible candidate-cloudlet

pair is found for the device, ACP then upgrades the cloudlet at the least-latency

candidate point ρ∗i so that it can meet the device’s demand and cover it sufficiently

(line 32). The upgrade here is the addition of the capacity and radius equivalent to the

smallest cloudlet to the existing cloudlet. This is the “supplementing” phase of ACP.

Once the mappings are completed for all devices, ACP calculates the approx-

imate cost (Φ̂) and the approximate latency (L̂) based on the final mappings in AC

and AE , respectively (line 36). The algorithm terminates by displaying the mapping

sets and the approximate values (line 37).

ACP has two notable properties: the latency for a device does not go beyond

the initial 2Di bound since it is still assigned within 2Di, and the upgraded cloudlets

do not increase the overall cost by more than the cost of filtering and rounding. We

prove both bounds in Theorem 3 and Theorem 4, and demonstrate that ACP is a

(2,4)-approximation algorithm for the OCP problem.

ACP Properties. Our proposed algorithm always finds a feasible solution with per-

formance guarantees if LP-OCP-Cost() has a feasible solution. Given the cloudlet

upgrades, ACP eventually covers all devices skipped due to insufficient capacity or

radius. We structure our algorithm in this manner since checking if a feasible solution

exists for OCP is NP-complete. For that, we need to strictly know, for every instance,

if w cloudlets placed across n candidate points are sufficient for covering v devices.

We prove this NP-completeness next. Practically, if appropriate estimates are made

about user demands and their distribution, and a reasonable set of candidate points
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are established, ACP does not need the upgrades in the second part to find a feasible

solution.

Theorem 1. Checking feasibility of the OCP problem is NP-complete.

Proof. Given an instance and a feasible solution of the OCP problem, we can verify if

all devices are covered by the deployed cloudlets in polynomial time. It takes O(|E|)

time to check coverage for all devices. However, given an arbitrary instance with w

cloudlets, n candidate points, and v devices, it is NP-complete to check if a feasible

solution exists. We prove this by reducing the Set Cover decision problem to OCP and

vice versa in polynomial time.

We first briefly explain the Set Cover problem. Given a set of elements U ={1,2,...,u}

called the universe and a collection G of |G| sets whose union equals the universe, the

Set Cover decision problem is to identify whether there is a sub-collection of G with k

sets Gk ⊆ G whose union equals the universe U [34]. The decision version of the set

cover problem is NP-complete.

For a given instance of the Set Cover decision problem, we can always construct

an equivalent instance of the OCP problem. In doing so, we construct a collection

of candidate point-to-device assignments, then the universe is AE , which equals to all

assignments to cover the devices. Each device is required to be covered by at least

one cloudlet. For every set (and their elements) in the collection set of set-cover G,

we construct a set of corresponding assignments in AE and assume it is the set of

assignments that can be covered by deploying a cloudlet c on a candidate point ρ.

Intuitively, the union of all such sets equals to AE . The set of cloudlets placed at the

candidate points in AE to cover all devices is hence AC.

We claim that there is a sub-collection of G with k sets, whose union equals

the universe, if and only if there exist k candidate points to deploy cloudlets, which

can cover all devices. We illustrate the reduction using an example of Set Cover

decision problem with 4 elements {e1, ..., e4}, and OCP with 4 devices, 3 cloudlets,

and 3 candidate points (as shown in Figure 4.1). In the example, the sub-collections
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Figure 4.1: Reduction of Set Cover decision problem to OCP

of G are G1 = {e2, e1, e4}, G2 = {e2, e1}, and G3 = {e3}. The minimum number

of subsets whose union equals the universe set is k = 2, with G1 and G3. Now,

in the corresponding OCP problem, {e3} can be covered from ρ1, {e4, e1, e4} are the

devices that can be covered from ρ2 , and {e1, e2} can be covered from ρ3. Placing

cloudlets c1 and c2 on ρ1 and ρ2 respectively is sufficient to cover all devices. Thus,

the minimum number of candidate points to deploy cloudlets is 2. The assignment

set is AE = {(ρ1, e3), (ρ2, e2), (ρ2, e1), (ρ2, e4)}, and the cloudlet assignment set is AC =

{(ρ1, c1), (ρ2, c2)}.

Conversely, if we can deploy cloudlets on k candidate points to cover devices,

then we can select corresponding k sets from G. As all devices are covered, the union

of the sub-collection sets of G equals the universe. Therefore, since the Set Cover

decision problem is an NP-complete problem, checking feasibility of the OCP problem

is NP-complete.

To prove the bounds, we first need to prove the following lemma.

Lemma 2. Using LP-OCP-Cost(), at least half of every device ei ∈ E is assigned to

the candidate points in its neighborhood set Ni.

Proof. We need to prove
∑

ρk∈Ni
a∗ik ≥ 1/2. Let Xi(β) denote the subset of candidate

points to which device ei is fractionally assigned and are more than βDi latency from ei.
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Therefore, Ni in our formulation is equivalent to remaining candidate points to which

ei is fractionally assigned, i.e., ∀ρk /∈ Xi(β), where β = 2.

Let zik =
∑

ρk∈P a∗ik. We know that for any feasible solution, zik = 1. Suppose

if
∑

ρk∈Xi(β)
a∗ik >

zik
β
. Then,

Di =
∑

ρk∈Xi(β)

lik a
∗
ik +

∑
ρk /∈Xi(β)

lik a
∗
ik

≥
∑

ρk∈Xi(β)

lik a
∗
ik

≥ βDi

∑
ρk∈Xi(β)

a∗ik

> βDi
zik
β

> Di

which is a contradiction. Therefore,
∑

ρk∈Xi(β)
a∗ik ≤

zik
β
. And by extension, we have:

∑
ρk /∈Xi(β)

a∗ik ≥ zik(1−
1

β
) ≥ 1− 1

β

If we set β = 2, which is our condition for 2Di,
∑

ρk /∈Xi(2)
a∗ik ≥ 1/2. This

proves
∑

ρk∈Ni
a∗ik ≥ 1/2. In other words, the sum of non-zero fractional assignments

to filtered candidate points in Ni is at least 1/2.

Theorem 3. ACP is a 2-approximation algorithm for latency (L̂ ≤ 2L).

Proof. ACP begins by assigning device ei with the largest Di to the closest candidate

point ρi in its neighborhood set Ni (within 2Di of ei). Any device selected using this

criterion is always assigned to a candidate point within 2Di.

Next, it builds an extended set for every candidate point ρi selected above. The

extended set contains all devices ev ∈ E that have ρi in their respective neighborhood

set Nv. All devices that can be covered by cloudlet ci placed at ρi are assigned to ρi.
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Since this ρi is in Nv of any device ev (by the definition of the extended set), all such

devices are within 2Dv from ρi.

Any skipped device ei ∈ S is assigned in the second part of the algorithm. These

devices are evaluated against cloudlet-candidate point pairs established in the solution

set AC in the first part. An important observation here is that the devices are skipped

if and only if they were selected as the initial device (in line 11) with the largest Di,

i.e., they are never skipped from an extended set. This means an empty (null) cloudlet

was returned by BestCloudlet() function due to capacity or radius constraint. Since

we can upgrade the cloudlet when the BestFeasiblePair() has insufficient capacity

or radius, any cloudlet-candidate pair assigned in the second part should be either in

the device’s Ni or not in Ni.

If it is in Ni, we know the latency is within 2Di. If it is not in Ni, it means

BestFeasiblePair(), which always selects the candidate point with the least latency

among available, has found a candidate point with better latency than the candidate

points in Ni. So, the latency is still within 2Di. Note that if no candidate point is

feasible, ACP will upgrade the cloudlet, and the latency will remain in 2Di. Therefore,

all skipped devices are within 2Di as well. Mathematically, we have:

L̂ ≤
∑
ei∈E

2Di. (4.1)

We know that:

Di =
∑
ρk∈P

lik a
∗
ik (4.2)

Since all individual devices are within 2Di, the sum over all devices is also within twice
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the value of LP latency, denoted by L∗.

∑
ei∈E

Di ≤
∑
ρk∈P

∑
ei∈E

lik a
∗
ik∑

ei∈E

Di ≤ L∗

2
∑
ei∈E

Di ≤ 2L∗

L̂ ≤ 2L∗

Since the LP latency (L∗) is a lower-bound on the optimal latency value of

the OCP problem (L∗ ≤ L), ACP is a 2-approximation algorithm for latency (L̂ ≤

2L).

Theorem 4. ACP is a 4-approximation algorithm for placement cost (Φ̂ ≤ 4Φ).

Proof. We prove the placement cost bound for ACP using properties of the LP-OCP-Cost()

solution, linearity of the cost function, and nature of the upgrades.

The solution of ACP is based on an important assignment property, where for

every device ei, at least half of it is fractionally assigned to its neighborhood set Ni

(see Lemma 2).

∑
ρk∈Ni

a∗ik ≥ 1/2 (4.3)

As we start assigning devices to the candidate points in their Ni and cloudlets to those

candidate points, we round the fractional a∗ik and y∗ik values to either 0 or 1 to obtain

the approximate assignments âik and ŷjk, respectively (Alg 6, line 17-18). Since every

device is assigned to exactly one candidate point in ACP (also in OCP, constraint 2.12),

we have that the approximate device to cloudlet assignment
∑

ρk∈Ni
âik = 1, ∀ei ∈ E .
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Combining with Eq (4.3), this leads us to:

∑
ρk∈Ni

âik ≤ 2
∑
ρk∈Ni

a∗ik (4.4)

There is also a mathematical relationship between the two decision variables

based on constraint (2.7) of OCP. The LP-Cost-OCP() solution must follow this con-

straint for a feasible solution. Thus, we have:

a∗ik ≤
∑
cj∈C

y∗jk ∀ei ∈ E , ρk ∈ P (4.5)

Since the relation above is true for every candidate point ρk ∈ P , it is true for sum

over all ρk ∈ Ni. Thus,

∑
ρk∈Ni

a∗ik ≤
∑
ρk∈Ni

∑
cj∈C

y∗jk ∀ei ∈ E (4.6)

Combining Eq (4.4) and (4.6), we get:

∑
ρk∈Ni

âik ≤ 2
∑
ρk∈Ni

∑
cj∈C

y∗jk ∀ei ∈ E (4.7)

In ACP, exactly one cloudlet is placed at ρk to which a device ei is assigned,

and a device is assigned to exactly one ρk, which gives us the relation:

∑
cj∈C

ŷjk =
∑
ρk∈P

âik ∀ei ∈ E (4.8)

This equation implies that every device is served by a single cloudlet uniquely placed

at a candidate point.

Since
∑

cj∈C ŷjk is equal to the value of
∑

ρk∈P âik for each device ei and from
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Eq (4.7), we have:

∑
ρk∈Ni

∑
cj∈C

ŷjk ≤ 2
∑
ρk∈Ni

∑
cj∈C

y∗jk (4.9)

Having a linear cost function based on capacity and radius of the cloudlets,

any change in the objective value (cost) from LP-OCP-Cost() to ACP is linearly pro-

portional to a change in y∗jk values over all candidate points and cloudlets (as seen

in Eq 4.9). This is because no capacity other than the cloudlets fractionally used in

LP-OCP-Cost() is used (only rounded) in the first part of ACP. The added capacity,

hence the added cost, only comes from the upgrades in the second part of ACP. If the

set of the upgrades (c+j ) added is L, the overall approximate cost is given by:

Φ̂ =
∑
cj∈C

∑
ρk∈Ni

ϕjkŷjk +
∑
c+j ∈L

∑
ρk∈Ni

ϕjkŷjk

From Lemma 5, the upgrades do not exceed the overall placement cost of

cloudlets placed in the first part of ACP.

Φ̂ ≤ 2
∑
cj∈C

∑
ρk∈Ni

ϕjkŷjk

As all candidate points not in Ni of devices are never chosen for placement, we

can perform the above sum over all candidate points in P , and using Eq (4.9) we have:

Φ̂ ≤ 2× 2
∑
j∈C

∑
k∈P

ϕjky
∗
jk

Φ̂ ≤ 4Φ∗

Since the LP cost (Φ∗) is a lower-bound on the cost value of the optimal solution,

ACP is a 4-approximation algorithm for the placement cost (Φ̂ ≤ 4Φ).
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Lemma 5. The upgrade cost does not exceed the cost of cloudlets placed in the first

part of ACP.

Proof. Based on Lemma 2, at least half-of each device ei is assigned to the candidate

points in their Ni by LP-OCP-Cost(). Consequently, at least half of the device demands

are met by placing cloudlets in Ni. Since devices are either assigned or skipped in the

first part, the upgrades need to meet at most the remaining half of the overall demands.

Hence, in the worst case, the overall capacity and radius of the cloudlets have to be

doubled by upgrading them. Again, we know that each upgrade is no larger than the

size of the smallest cloudlet. If only smallest cloudlets are being used to cover the

demands, it leads to the least possible cost for that demand since cloudlet placement is

binary (either place whole cloudlet or none). This is at worst as costly as the placements

in the first part. Therefore, the worst cost of upgrades does not exceed the cost of the

first part of ACP.

4.3 Experimental Results

4.3.1 Experimental Setup

As much as we have theoretically demonstrated the performance guarantees of our

approach, the practical scenarios where the approach needs to be implemented can

be different from the extreme cases we analyzed in the proofs. Thus, we perform an

extensive set of experiments to investigate the effectiveness of ACP. For our deploy-

ment scenarios, we use the five boroughs of New York City as it has been selected by

National Science Foundation (NSF) as a testbed for the new wave of mobile technol-

ogy [1, 18]. Also, the presence of NYC Open Data [17] allows us to access the latest

information about implemented hotspot locations, types of placement locations, and

usage statistics. The primary datasets that we utilize for our experiments are: NYC

WiFi Hotspot Locations, LinkNYC Map, and LinkNYC Usage Statistics.

To setup the experiments, we treat the five boroughs of New York City as in-

dividual scenarios since they provide sufficient variety in hotspot locations, candidate

point selection, and usage metrics. NYC Open Data has equivalent 2D coordinates
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defined for each geolocation representing a WiFi hotspot or Kiosk. We use the exact

locations in our experiments without any simplification or reduction so the experiments

represent as close of a scenario to the real world as possible. The hostspot locations

represent the device locations in our setup. Likewise, the hotspot locations that repre-

sent a feasible space for cloudlet placement such as a subway station or a local library

serve as a candidate point.

The device demands (processing, memory, storage) are randomly selected from

a uniform distribution, X ∼ U(5, 20) to signify heterogeneous demands. This broad

range of demands also signifies that we are accounting for multiple devices at some

hotspot locations. The cloudlet capacities are subsequently specified based on the total

demand of the devices in each scenario. Finally, the coverage radii of the cloudlets is

based on the mean latency of the devices from the candidate points. Each scenario

represents a set of experiments than a single experiment. We randomly draw fixed

number of candidate points and devices from each scenario to create 30 similarly-sized

sub-scenarios. This provides further experimental variety and ability to statistically

analyze the performance at scenarios of different sizes and scales. The experiment

scenarios and their deployment sizes are summarized in Table 4.2.

We run four different types of experiments to comprehensively evaluate and com-

pare the performance of the proposed approach ACP to the three related approaches:

the Optimal Cost of the Cloudlet Placement (OCP-Cost), the Optimal Latency of

the Cloudlet Placement (OCP-Latency), and the Genetic Algorithm-based Cloudlet

Table 4.2: Experiment Scenarios - ACP

Scenario |P| |C| |E|

Staten Island 7-10 5-8 59-71
Bronx 31-40 24-31 190-210
Queens 57-69 44-52 321-349
Brooklyn 81-97 61-73 428-451
Manhattan 113-127 81-96 1042-1091
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Placement (GACP), proposed in Chapter 3.

The first experiment shows the coverage of each approach, visualizing the device

assignments and the obtained locations for the cloudlet placement. The next two

experiments show the comparisons for the placement cost and the latency individually.

Finally, we investigate the scalability of the approaches.

The optimal results from OCP-Cost and OCP-Latency are found using IBM

ILOG CPLEX Concert Technology API for Java [29]. ACP and GACP partially use

CPLEX to obtain LP results to guide their respective solution approaches. It is note-

worthy that solving any LP optimally (unlike IP) using CPLEX takes polynomial time

as it is in P, and other approaches can be used to obtain optimal fractional results.

Both ACP and GACP are implemented in the same version of Java, and the experi-

ments for all approaches are run on the same JVM on the Nautilus HyperCluster [5]

with 16 CPU cores and 64 GB RAM. Note that we could not compare our results

with other existing studies because they either do not have the same objectives or

have different constraints as we discussed in Chapter 1. Hence, any direct comparisons

would be unfair. It is also noteworthy that CPLEX provides the optimal results for the

small cases of the problem, which is used as a proper benchmark. However, it is not

able to obtain any results for large-scale problems due to NP-hardness of the problem.

GACP likewise struggles to converge with full coverage when the experiment instances

have narrow solution spaces. As a result, OCP-Cost and GACP have partial but valid

results which are explained further in the analysis section.

4.3.2 Analysis of Results

We first compare the results of ACP with OCP-Cost, OCP-Latency, and GACP ap-

proaches in terms of device coverage. In Figure 4.2, we visualize the locations of the

placed cloudlets using shaded circles (larger circles represent larger cloudlets) and the

devices covered by those cloudlets with different markers (using the same color) in each

approach. As we can see, OCP-Cost, shown in Fig. 4.2a, uses the minimum cloudlet re-

sources to obtain the minimum cost. OCP-Latency, shown in Fig. 4.2b, covers devices
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(a) OCP-Cost Placement (b) OCP-Latency Placement

(c) ACP Placement (d) GACP Placement

Figure 4.2: Comparative Coverage Visualization of OCP, GACP, and ACP

with the minimum latency (the assignment of the devices are mostly to their closest

cloudlets, and an additional cloudlet has been used, compared to that of OCP-Cost).

GACP, shown in Fig. 4.2d, effectively clusters the devices around the placed cloudlets

while using the same number of cloudlets as OCP-Cost. However, it uses two large

cloudlets since a medium cloudlet is mutated by GACP to a large cloudlet. So, it

obtains a higher cost. Likewise, the latency is not minimized in GACP since some

devices are far away from their mapped cloudlet despite the clustering. In contrast,

ACP, shown in Fig. 4.2c, achieves coverage similar to OCP-Cost and OCP-Latency.

The overall coverage scenario of ACP can be seen as a blend of these two optimal

benchmarks. ACP reflects the optimal solutions closely while taking significantly less
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running time. We analyze them in detail next.

Figure 4.3a shows the placement costs obtained by the approaches. Before

explaining the results, we should note that CPLEX was not able to converge to provably

optimal solutions for OCP-Cost for more than 24 hours. Hence, a node-limited solution

was used to best estimate the optimal value (presented by OCP-Cost*) based on the

solution gap value given by CPLEX. The average OCP-Cost* solution gap for each

scenario is presented in Figure 4.4b. Likewise, GACP was not able to converge with

full coverage for all instances. Hence, solutions with partial (yet high) coverage values

are presented for comparison as indicated by GACP*. The amount of coverage GACP*

achieved on average is shown in Figure 4.4a.

The results show that the costs obtained by ACP are very close (and much

lower than the proven theoretical bound) to the optimal costs in all scenarios. Al-

though GACP* costs in some scenarios are lower, it is because GACP* does not cover

all devices. For the largest Manhattan scenario, ACP, covering all devices, obtains

observably lower cost than GACP*, which only covers 85% devices on average. Costs
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(b) Latency

Figure 4.3: Summary of OCP, GACP, and ACP Cost and Latency values.
GACP* denotes only the instances unable to obtain full coverage due to indefinite
convergence time.
OCP-Cost* denotes that CPLEX did not converge to an optimal solution, and the
Percentage Gap value from a node-limited CPLEX run has been used to derive the
“best estimated” optimal value.

52



obtained by ACP are similarly much lower than OCP-Latency costs.

The latency values presented in Figure 4.3b show that ACP obtains higher

latency than GACP*. However, note that the results of GACP* do not include the

high latency values by simply not covering those devices. A direct comparison with full

coverage GACP in Staten Island shows no significant difference in latency. In addition,

despite the fact that latency values of OCP-Cost* and ACP look comparable for Staten

Island, Bronx, and Queens, ACP is able to achieve incrementally lower latency than

OCP-Cost* as the problem size grows. Also, all latency values of ACP for the scenarios

are still within the proven theoretical bound.

(a) GACP* Coverage Values (b) OCP-Cost* Solution Gap

Figure 4.4: Partial Solution Scenarios of GACP and OCP

Finally, we perform experiments to observe running time and scalability of the

approaches. Since the number of cloudlets is already determined from the device

demand, we only consider the number of candidate points and the number of devices

in our experiments. Figure 4.5 shows running time as a function of the number of

candidate points and the number of devices in a 3D plot. The vertical axis uses a

logarithmic scale (log2) that shows the running time in seconds. As we move from left

to right, the data points are closer to the viewer’s perspective, and they correspond

from the smallest to the largest experiment scenarios in Table 4.2. We can observe

that ACP is faster than the compared approaches in all instances except for the largest

scenario (Manhattan), where OCP-Latency is faster. Being an NP-hard problem, both
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Figure 4.5: Comparison of OCP, GACP, and ACP Running Time

OCP-Cost and OCP-Latency have random bursts (peaks) in running time. In addition,

both of them were not able to find a feasible solution for some instances. ACP and

GACP, on the other hand, can find a solution even in those scenarios because they can

perform upgrades and mutations, respectively.

GACP* seems to coincide in terms of running time with ACP in most instances

because both ACP and GACP rely on LP-OCP-Cost() solution, which makes up the

majority portion of their running time. However, purely ACP running time is sig-

nificantly faster than purely GACP convergence time. Moreover, ACP achieves full

coverage which GACP is simply unable for majority of instances. One of the weakness

of GACP is that it may never converge for difficult problem instances. This can be

seen in Figure 4.4a where the coverage values decrease as the problem size increases.

Therefore, ACP is the only approach which guarantees full coverage in a polynomial

running time.

To summarize, ACP is able to reduce cost and latency by performing smaller

upgrades to existing cloudlets instead of provisioning new cloudlets. Practically, if

appropriate estimates are made about user demands and their distribution, and a

reasonable set of candidate points are established, ACP does not even need the upgrades
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to find a feasible solution. In that case, we have even tighter bounds on cost and latency.

This is clearly observable in our results above. The efficient, polynomial running time

makes this method suitable for both short-term and long-term placements.

4.4 Chapter Summary

The primary motivation of edge computing is to mitigate latency suffered by

the users and save network bandwidth by placing resources closer to where they are

consumed. In highly heterogeneous scenarios like 5G networks and IoT, deployment

cost becomes an equally important parameter since it is extremely expensive to cover

all users. Indiscriminate placement or disregard for heterogeneity necessarily make any

approach both inefficient and ineffective in next generation networks. Existing litera-

ture lacks considering heterogeneous scenarios while simultaneously reducing cost and

latency. In this chapter, we addressed these challenges by designing a bifactor approx-

imation algorithm for the heterogeneous cloudlet placement problem. Our approach,

ACP, runs in polynomial time and provides a (2,4) approximation bound for latency

and placement cost, respectively. The rigorous experimental results show that ACP is

scalable and achieves close to the optimal results in experimental scenarios.

The research article based on this chapter has been published in the IEEE

Transactions on Parallel and Distributed Systems [13]. The results of this research are

fully reproducible and the complete code in the reproducible capsule is available on

Code Ocean [12]. We establish the impact of user mobility in cloudlet placement and

define the dynamic cloudlet placement problem in the next chapter.
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Chapter 5

THE DYNAMIC MOBILE CLOUDLET PLACEMENT PROBLEM

5.1 Background

New and emerging applications like real-time translation, autonomous driving,

and Extended Reality (XR) have a unique combination of requirements including on-

demand services with extremely high network speed and low latency [52]. As a result,

efforts to further progress and envision future technologies in wireless networks and

telecommunications based on increasing demand for data, flexible computing resources,

and connectivity are continuously being made. Edge computing can partially address

these requirements by allowing users to consume the computing resources in their

vicinity via offloading, thereby reducing the access latency and data traffic to the core

infrastructure [47]. The convergence of edge computing with next-generation networks

(5G and beyond) can complete the requirements puzzle by providing extremely high

network speeds [53], thereby creating the notion of next-generation edge networks.

Nonetheless, covering highly mobile users while providing stable low-latency

services as they move across the service region is a complex problem. Locations with

limited or disrupted connectivity during natural disasters or generally poor infrastruc-

ture cannot sufficiently serve mobile users. Even infrastructures with wide coverage

may not meet offloading and ultra-low latency requirements. Next-generation wireless

networks with multi-gigabit data rates can still have technical challenges such as sig-

nal reflection, path loss, and blockages [53]. On the other hand, offloading to static

edge servers (or cloudlets) is equally challenging and leads to frequent service and task

migrations for mobile users. Accordingly, the long-term, static placement of cloudlets

does not meet all the requirements of mobile users in next-generation edge networks.
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Thus, we can adequately serve highly mobile users with dynamic demands only when

efficient approaches to dynamically place the cloudlets are available.

Dynamic deployment of mobile cloudlets presents an elegant solution to this

problem. Mobile cloudlets mounted on Unmanned Aerial Vehicles (UAVs) have been

well-studied and already under adoption in the industry [42, 55] to enhance user ex-

perience and enable new innovative applications. Federal Aviation Authority (FAA)

and Verizon’s Skyward are currently collaborating to test cellular-connected UAVs [60].

Some studies have proposed UAVs to complement wireless backhaul networks [65] and

even an entire cellular infrastructure based on a hierarchical deployment of UAVs [57].

UAV-mounted cloudlets can be flexibly deployed as the user demands and distribu-

tions change over a region. This is especially applicable to support compute-intensive

latency-critical computations in disaster scenarios [55], massive demand areas such

as stadiums, and emerging applications including drone air-delivery. For instance,

dispersed teams of rescue workers can use XR headgears in inaccessible or partially

accessible landscapes for cognitive assistance such as identifying objects, people, and

threats, and path finding during natural disasters. These rapidly evolving compute-

intensive applications (object detection, risk assessment, and navigation) need ultra-low

latency and stable offloading services so that well-informed decisions can be made in

a matter of milliseconds, which are otherwise not possible under damaged or distant

infrastructure, and where emergency support vehicles and equipment cannot reach.

Mobile cloudlets meet these critical requirements by directly bringing resources to the

rescuers in response to their uncertain movements.

The same UAVs can provide connectivity to emergency services in disaster-

disrupted infrastructure by following vehicles of evacuating public. Other use cases

include, sudden burst of clustered connectivity demand in tailgating crowds in sport-

ing events and Coming to an example in dense environments, mobile cloudlets allow

autonomous processing of a large number of continuously moving inventory through

video-based intelligent applications in large warehouses to streamline supply-chain is-

sues.User experience in well-known emerging applications such as Augmented Reality
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(AR) and real-time translation can be greatly enhanced deploying such UAVs nearby.

In the next sections, we define the dynamic cloudlet placement model and formu-

late the optimal mobile cloudlet placement problem as an integer program by capturing

quintessential aspects of highly heterogeneous and high mobility next-generation edge

networks. We also provide an illustration to show how the mobile cloudlet placement

works under user mobility.

5.2 Dynamic System Model

Our aim in this chapter is to continuously place and readjust the locations of

mobile cloudlets in a region to maximize device coverage and maintain stable services,

given the uncertain changes in user demands and movements. As such, we model the

region as a finite 3D grid within which the devices and the mobile cloudlets move. The

3D grid is made up of smaller contiguous 3D sub-divisions called cells.

The 3D grid is denoted by a collection of non-overlapping equal-sized cells or

cubes denoted by C = {c1, c2, . . . , ck, . . . , cn}. Note that the geometric representation

of the cells can be other 3D shapes such as a hexagonal prism or a sphere. We con-

sider cubes, each of which denotes 3D coverage of a unit cloudlet, for simplicity. The

interconnected cells make the contiguous 3D region. The cells, represented using 3D

coordinate axes, are always indexed from top-left to bottom-right with the index denot-

ing the area they cover. The mobile cloudlets and devices may change their locations

from cell to cell over time τ = {1, 2, . . . , t, . . . , T}. The cloudlets move between the

cells to follow the changes in the device distribution, as shown in Figure 5.1 (shown in

2D for simplicity).

We denote the set of heterogeneous mobile cloudlets byM = {m1,m2, . . . ,mj,

. . . ,mu}. Each mobile cloudlet mj ∈ M is represented by a 3-tuple mj = {µt
j, rj,Λj}

denoting its attributes: µt
j is the service capacity (in resource units) at time t, rj is the

3D coverage (3D cell dimensions), and Λj is the maximum cell distance the cloudlet

can travel within a time slot t. Note that the resources indicated by service capacity µt
j

can be processing, memory, or storage individually or as a combination. We assume a
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single resource for simplicity and without loss of generality. Similarly, the maximum

cell travel Λj depends on multiple parameters such as the speed of the mobile cloudlet,

power consumption/available battery, and the weight carried by the mobile cloudlet.

This is used to set a constraint on general mobility of the cloudlets so that they follow

a realistic travel path and travel a limited distance in every time slot while avoiding

collisions during placement.

Likewise, we denote the set of heterogeneous devices byD = {d1, d2, . . . , di, . . . , dv}.

Each device di ∈ D is represented by a 3-tuple di = {δti , cti, λt
i} denoting its attributes: δti

is the demand (in resource units) at time t, cti is the 3D cell of the mobile device at

time t, and λt
i is an ordered triple denoting the 3D coordinates of the mobile device at

time t.

For simplicity of modeling, if a cloudlet fails at any instant, the cloudlet capacity

becomes 0. If it has recovered, its capacity comes back to non-zero. The same applies

to a device when it is disconnected or connected, and the device demand goes to 0

or non-zero, respectively. These can also be treated as a device going out of bounds

and returning back to the service region. We assume that these values are set by the

underlying sensor networks. Also, all connected devices are assumed to receive ultra-

low latency services if they are within 3D coverage regardless of their absolute distance

from the mobile cloudlet.

Figure 5.1: Mobile cloudlet placement scenario in 2D
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Our goal is to maximize the coverage of the devices in the region (number of

connected devices) with ultra-low latency services by moving the cloudlets in response

to the device mobility.

5.3 Optimal Mobile Cloudlet Placement

We now formulate the Optimal Mobile Cloudlet Placement problem (OMCP).

We define the following decision variables:

αt
jk =

1 if cloudlet mj is assigned to cell ck at time t,

0 otherwise,

γt
jkl =

1 if cloudlet mj moves from ck to cl at time t,

0 otherwise,

and

βt
ij =

1 if device di is assigned to cloudlet mj at time t,

0 otherwise.

We mathematically formulate OMCP as an Integer Program (IP) as follows:

max
T∑
t=1

v∑
i=1

u∑
j=1

βt
ij (5.1)

Subject to:

u∑
j=1

n∑
k=1

αt
jk = |M|, ∀t ∈ τ (5.2)

n∑
k=1

∆(cti, ck)(β
t
ij + αt

jk − 1) ≤ rj,∀di ∈ D,mj ∈M, t ∈ τ (5.3)
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v∑
i=1

δtiβ
t
ij ≤ µt

j, ∀mj ∈M, t ∈ τ (5.4)

γt
jkl ≥ αt−1

jk + αt
jl − 1,∀mj ∈M, ck, cl ∈ C, t ∈ {2, . . . , T} (5.5)

γt
jkl ≤ αt−1

jk , ∀mj ∈M, ck, cl ∈ C, t ∈ {2, . . . , T} (5.6)

γt
jkl ≤ αt

jl, ∀mj ∈M, ck, cl ∈ C, t ∈ {2, . . . , T} (5.7)

∆(ck, cl)γ
t
jkl ≤ Λj,∀ck, cl ∈ C,mj ∈M, t ∈ {2, . . . , T} (5.8)u∑

j=1

αt
jk ≤ 1, ∀ck ∈ C, t ∈ τ (5.9)

n∑
k=1

αt
jk ≤ 1, ∀mj ∈M, t ∈ τ (5.10)

βt
ij ≤

n∑
k=1

αt
jk, ∀di ∈ D,mj ∈M, t ∈ τ (5.11)

u∑
j=1

βt
ij ≤ 1, ∀di ∈ D, t ∈ τ (5.12)

γt
jkl ∈ {0, 1}, ∀mj ∈M, ck, cl ∈ C, t ∈ τ (5.13)

αt
jk, β

t
ij ∈ {0, 1}, ∀mj ∈M, di ∈ D, ck ∈ C, t ∈ τ (5.14)

The objective function shown in Eq (5.1) maximizes the coverage of the devices, i.e.,

mapping of the devices to the placed cloudlets. Constraints (5.2) ensure that the total

number of cloudlets placed in the region is equal to the number of available cloudlets.

Constraints (5.3) guarantee that each covered device must be within the coverage radius

of some cloudlet. The constraint indicates that a device di currently at cell cti if mapped

to a cloudlet mj placed at a cell ck, the distance between their cells must be less than

or equal to the 3D coverage rj of the cloudlet. Constraints (5.4) satisfy supply and

demand based on each cloudlet capacity and its covered device demands. Sum of all

device demands assigned to a cloudlet must be less than or equal to the resources of

that cloudlet. Constraints (5.5) ensure that a cloudlet moves from one cell to another

at t only if its cell association changes over time t − 1 and t. Constraints (5.6) and

(5.7) ensure that a cloudlet moves from one cell to another at t only if it was placed in
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the source cell at t − 1 and in the destination cell at t. Constraints (5.8) ensure that

a cloudlet moves no further than the maximum distance it can travel within a time

slot t. Constraints (5.9) ensure that at most one cloudlet is placed at any cell in the

region. Constraints (5.10) ensure that a cloudlet can only be placed at a single cell.

Constraints (5.11) guarantee that a device can only be served by a cloudlet that is

placed in the grid. Constraints (5.12) guarantee that each device is served by at most

one cloudlet. Finally, constraints (5.13) and (5.14) ensure the integrality requirements

of the decision variables.

5.3.1 Model Illustration

Since a 3D example can be harder to visualize, a 2D illustration of the model and

how placements take place over time is shown in Figure 5.2 using 6 mobile cloudlets

and 19 mobile users. The figure is reflective of all parameters of the model except

that the 3D grid is flattened to two dimensions. The mobile cloudlets are depicted

by drones with their size (small and large) representing their capacities. Assuming all

mobile users have the same demand, there are two types of mobile cloudlets in the

illustration: large, can serve up to 6 users, and small, can serve up to two users.

At time τ = 1, the best possible placement can cover only 18 users with one

mobile user highlighted in orange currently out of coverage. Note that the goals are

to maximize coverage (full coverage may not be possible) while tracking movements

of cloudlets in response to device mobility. Hence, it is not a requirement to cover all

the users all the time. In the next time slot τ = 2, three users move to different cells

(marked by green arrows) and three cloudlets respond to the changes accordingly by

moving to other cells (marked by red arrows). By this optimal readjustment, three

users are now out of coverage. It is noteworthy that one user (top right) went outside

the grid, and as a result, is not needed to be covered anyway. Although the coverage

is worse off, it is still the best scenario given the constraints.

At τ = 3, seven users move to different cells. As we can see, two cloudlets are

needed to move in the optimal solution to attain full coverage. This summarizes the
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(a) Placement at τ=1 (b) Placement at τ=2

(c) Placement at τ=3

Figure 5.2: Dynamic Cloudlet Placement Illustration

whole idea of maximizing coverage while moving the cloudlets based on device mobility

at each time slot.

5.4 Chapter Summary

In this chapter, we provided motivating factors behind dynamic mobile cloudlet

placement and designed a dynamic system model to place mobile cloudlets in regions

with continuously changing user demands and uncertain user mobility. We then for-

mulated and illustrated an optimal mathematical model (OMCP) to solve the dynamic

mobile cloudlet placement problem. However, OMCP is NP-hard and an efficient ap-

proach is required to solve the problem. As a result, we propose a physics-inspired

mobile cloudlet placement approach to solve this problem in the next chapter.
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Chapter 6

PHYSICS-INSPIRED MOBILE CLOUDLET PLACEMENT

6.1 Background

In this chapter, we present an ingenious placement of mobile cloudlets in next-

generation edge networks to provide ultra-low latency services for the emerging ap-

plications considering realistic constraints. We aim to provide stable services to the

users through mobile cloudlets when user distribution and demands change rapidly.

Our proposed approach responds to uncertain device mobility in real time. It not

only removes the overhead of predicting device locations but also does not require the

acquisition of sensitive mobility data to make those predictions.

We design a novel approach to address these issues by borrowing the concepts

of “center of gravity” and “force of attraction” from physics. The center of grav-

ity approach has been used in the field of Operations Research for weighted facility

location based on demands and is useful in deciding initial placements for adaptive

approaches [9]. In the same way, the force of attraction has been the core idea behind

gravitational clustering which allows formation of dynamic clusters and establishment

of their respective centers [74]. Furthermore, it has been applied in robust adaptive

clustering in distributed networks [14]. Although we use the force of attraction in a

different way than these works, all of them suggest that our approach is highly suitable

for the dynamic placement of mobile cloudlets under uncertainty.

Our approach performs the initial mobile cloudlet placement based on the center

of gravity to evenly balance the location of the cloudlets. Such a balanced initial

placement allows devices to be placed around weighted centers of device demands,

enhancing potential coverage. Subsequently, our approach readjusts the locations of
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the mobile cloudlets in real-time by moving them using the force of attraction to follow

the sub-regions with high user concentration. Since cloudlets follow the devices, devices

are likely to be served by the same cloudlets over time leading to less migration and

switching services between the cloudlets, which is significantly important in providing

low-latency stable edge services. A cyber-physical system driven by user demands and

mobility in next-generation edge networks can hence be dynamically configured and

balanced using a combination of these two principles of our approach.

Our idea is to maximize the device coverage while providing a stable service.

We initially place the mobile cloudlets using center of gravity to achieve a balanced

placement, and then adaptively relocate the cloudlets based on changing user demands

and mobility using force of attraction.

As a part of our study, we define an optimal integer programming formulation of

the mobile cloudlet placement problem, OMCP, and implement the classic DBSCAN

algorithm [21] with path planning to serve as our two performance benchmarks. We

perform extensive experiments by creating multiple scenarios, including both 2D and

3D user distribution and mobility, based on real mobility traces obtained from KTH

Walkers dataset [36]. Multiple experiment scenarios created from the traces include

both 2D and 3D user distribution and mobility. We then compare our results with

OMCP and DBSCAN. The results show that our approach achieves high coverage

values, superior energy efficiency, and stable services for all scenarios in real time.

6.2 Physics-Inspired Mobile Cloudlet Placement

We propose a novel Physics-Inspired Mobile Cloudlet Placement (PMCP) ap-

proach to place and dynamically change locations of the mobile cloudlets inspired

by the concept of the center of gravity and force of attraction. PMCP performs the

initial mobile cloudlet placement based on the center of gravity to evenly balance

the location of the cloudlets. Such a balanced initial placement allows cloudlets to

be placed around weighted centers of device demands, enhancing potential coverage.

Subsequently, PMCP readjusts the locations of the mobile cloudlets in real-time by
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Algorithm 8 PMCP - Initialization

1: Input: M, C,D
2: A ← AggregateDemandsByCell(C,D)
3: CoG ← TopCells(A,u) ▷ Top u cells in A

4: CoGMap ← CoGDeviceMappings(D,CoG)
5: CoGMap* = ∅
6: while CoGMap* != CoGMap do
7: CoG = ∅
8: for {ck : [da, db, ..]} ∈ CoGMap do

9: Calculate (X̂, Ŷ , Ẑ) based on [da, db, ..]

10: CoG ← CoG ∪ the cell closest to (X̂, Ŷ , Ẑ)

11: CoGMap* ← CoGMap

12: CoGMap ← CoGDeviceMappings(D,CoG)
13: CoGMap ← SortDescByDemands(CoGMap)

14: MCP ← MapCloudletsCoGs(CoGMap,M)

15: Output: MCP

moving them using the force of attraction to follow the sub-regions with high user

concentration. Since cloudlets follow the devices, devices are likely to be served by the

same cloudlets over time leading to less migration and switching services between the

cloudlets, which is significantly important in providing low-latency stable edge services.

As the cloudlets astutely match the devices’ mobility, it can extend the battery life of

the cloudlets by avoiding unnecessary cloudlet movements. Next, we explain these

parts in detail.

6.2.1 Initial Placement

The initial placement by PMCP is inspired by the center of gravity method to

minimize the weighted distance of the devices from the mobile cloudlets to be placed

in the 3D grid. PMCP estimates the weighted centers of gravity for the devices in the

grid based on the demands and the cell locations of the devices at time τ = 1. The

estimated centers of gravity are iteratively improved until they converge. The cloudlets

are then initially placed at the central cell locations of the converged centers of gravity.

The initial placement by PMCP is described in Algorithm 8.
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In Algorithm 8, individual demands of the devices are first aggregated per cell

and stored in list A. Thereafter, a list of u cells with the highest demands, i.e., CoG is

generated from A (line 3). Note that CoG is the list of temporary centers of gravity cells,

and u ≤ n is the number of all mobile cloudlets. Function CoGDeviceMappings(D,CoG)

(line 4) returns a mapping between the cells identified in CoG and the devices, where

each device is assigned to the closest cell in CoG. This mapping CoGMap = {ck :

[da, db, ..]} represents the temporary mapping of the devices to the centers of gravity CoG

cells which converges through calculations in next steps of Algorithm 8 (lines 5-12) to

provide the initial mobile cloudlet placements.

Once the temporary mapping is done, the algorithm initializes CoGMap* as an

empty CoG cells-to-devices mapping to keep track of the changes in the mapping

between the centers of gravity CoG and the devices. The recalculation of centers of

gravity happens iteratively (lines 6-12) as long as the new CoG and mappings differ

from the previous round, i.e., CoGMap and CoGMap* are not equal. For every CoG cell ck

in CoGMap and its corresponding list of devices [da, db, ..], central coordinates (X̂, Ŷ , Ẑ)

are calculated (line 9) using Equation 6.1.

X̂ =

∑
δixi∑
δi

, Ŷ =

∑
δiyi∑
δi

, Ẑ =

∑
δizi∑
δi

(6.1)

The sums, noted by
∑

, in the equations above are over a set of devices that is supposed

to be covered by a single mobile cloudlet. Therefore, (X̂, Ŷ , Ẑ) represents a weighted

center of gravity, where a mobile cloudlet will be placed. This implies that the mobile

cloudlet will be closer to the devices with higher demand, inadvertently prioritizing

cells with more demands, enhancing the overall coverage.

Back to Algorithm 8, the cell closest to (X̂, Ŷ , Ẑ) is added to CoG list as a

new center of gravity (line 10). Note that CoG is cleared in line 7 to enlist newly

calculated centers of gravity. In line 11, the previous CoGMap becomes CoGMap*, and the

new CoGMap is calculated by reassigning devices to the closest cells in the updated CoG

(line 12). At the end of each iteration, CoGMap represents temporary CoG cells with
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their corresponding devices. These iterations continue until the updated CoG and their

device mappings, i.e, CoGMap do not change any further.

After convergence, CoGMap is then sorted in descending order of the total demand

of the devices assigned to each cell in CoG using SortDescByDemands(CoGMap) function

(line 13). The mobile cloudlets are mapped one-to-one to the converged CoG based on

their size by MapCloudletsCoGs(CoGMap,M) function to provide the mobile cloudlet

placements MCP, which is the mapping of mobile cloudlets to the CoG cells {(ma, cb)

, . . . , (mj, ck), . . . } and the output of Algorithm 8.

6.2.2 Adaptive Placement

In physics, the force of attraction between two bodies can be formulated in

multiple ways based on the type of force. Attractive forces can be the magnetic force,

electric force, or the most well-known gravitational force. In our approach, we formulate

the force of attraction as a vector pull force from the devices acting on the mobile

cloudlets which attracts them to their new locations.

Our proposed approach, PMCP, uses this physics concept by considering the

devices as moving masses (which need to be served) since they continuously change

positions between time slots. In addition, PMCP considers the mobile cloudlets as

fixed masses (that are deployed to serve devices) since they are assumed to be at rest

in their placed cells until pulled by the changing device demands and mobility into new

cells.

Essentially, mobile cloudlets (fixed masses) are initially placed around the de-

vices (moving masses) using the center of gravity method i.e., Algorithm 8. The mobile

cloudlets (fixed masses) then move as they are attracted (pulled) by the devices (mov-

ing masses), as illustrated in Figure 6.1. We use the capacities of mobile cloudlets

and the demands of the mobile devices to represent their physical masses. The mo-

bile cloudlets thus respond to the changes in device locations and demands, and they

move to a cell in the direction of the aggregate vector pull forces of the devices. It is
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Figure 6.1: A mobile cloudlet responding to device mobility

important to note that when calculating the forces, mobile cloudlets do not physically

interact with each other, neither do the devices.

As we formulate the adaptive part of PMCP, we aim to relocate the mobile

cloudlets by estimating their new cell locations at each time slot, denoted by wj(t) for

cloudletmj, based on changes in the device specifications at each time slot. Algorithm 9

determines and outputs the new positions of all mobile cloudlets at every time slot based

on the overall vector pull force acting on them. The force acting on mobile cloudlet mj

is the superposition of all individual forces emerging from each device assigned to it at

the end of the previous time slot, obtained by calling DeviceAssignments() function,

presented in Algorithm 10. Further details of Algorithm 9 are provided later in this

subsection.

As we can observe in Algorithm 10, each device is assigned to its closest feasible

mobile cloudlet. The device assignment to the cloudlet is performed as long as the

device is within the coverage radius and the mobile cloudlet has enough capacity to

meet its demand (lines 1 to 15). For every device, the algorithm searches for the

closest cloudlet that can cover the device and has sufficient remaining capacity to

meet its demand (lines 6-12). If such a cloudlet exists, the device is assigned to the

cloudlet and the cloudlet capacity is adjusted accordingly (lines 13-15). Otherwise, the
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Algorithm 9 PMCP - Adaptive Placement

1: Input: MCP
2: DCA = DeviceAssignments(MCP)

3: for t = 2, 3, . . . , T do
4: for all mj ∈M do

5: D̂j(t) = DCA[mj]

6: Calculate force
−→
Fj(t) using Eqn (6.2)

7: Assign constrained force
−→
Fj(t) to mj using Eqn (6.3)

8: Find estimated location ŵj(t) of mj using Eqn (6.4)
9: wj(t) = ClosestCell(ŵj(t))

10: MCP(t) ← wj(t) ∀mj ∈M
11: DCA = DeviceAssignments(MCP(t))
12: Output at t: MCP(t)

devices are simply included in the uncovered devices list (line 17). This part of the

algorithm provides the actual assignment of the devices which are connected to the

mobile cloudlets and are used to calculate the coverage values.

Next, Algorithm 10 performs an extended assignment to assist the cloudlets’

mobility (lines 18-22). Here, all devices that could not be covered due to the radius

and capacity constraints are assigned to the cloudlets if the devices are within twice

the coverage radius of the cloudlet. This is a key feature of the algorithm to make

cloudlets more aware of the devices in their vicinity and move better so that even

uncovered devices are covered in later time slots. This also prevents mobile cloudlets

with a unit coverage radius from getting stuck in a cell with no device since they will

be aware of neighboring cells and can move to serve those uncovered devices in later

time slots instead of waiting until some device moves into their coverage radius. The

output of Algorithm 10 contains a mapping of all mobile cloudlets to their extended

device assignments denoted by DCA.

Algorithm 9 uses the output of Algorithm 10 to obtain a list of devices assigned

to cloudlet mj at the start of time slot t, denoted by D̂j(t) (lines 2-5). Then, Algo-

rithm 9 calculates the total vector pull force acting on mobile cloudlet mj using the

formula given by Equation (6.2).
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Algorithm 10 DeviceAssignments()

1: Input: MCP
2: DCA ← ∅, uncovered devices← ∅
3: for di ∈ D do ▷ Assignments for Coverage
4: min distance =∞
5: best cloudlet = ∅
6: for mj ∈M do
7: ck = CloudletCell(MCP,mj)

8: distance = ∆(cti, ck)
9: if µt

j ≥ δti and distance ≤ rj then
10: if distance < min distance then
11: best cloudlet = mj

12: min distance = distance
13: if best cloudlet ̸= ∅ then
14: µt

j = µt
j − δti

15: DCA ← {mj, di}
16: else
17: uncovered devices← di
18: for di ∈ uncovered devices do ▷ Assignments for Mobility
19: for mj ∈M do
20: distance = ∆(cti, ck)
21: if distance ≤ 2 ∗ rj then
22: DCA ← {mj, di}
23: Output: DCA

−→
Fj(t) =

∑
∀di(t)∈D̂j(t)

−→η δti∑
∀di(t)∈D̂j(t)

δti
(6.2)

Note that force
−→
Fj(t) is a vector quantity with component forces in the direction of

each 3D axis based on the displacement vector −→η . We define −→η = ∆(λt
i, wj(t − 1))

as the displacement between the position of mobile cloudlet mj at t− 1 to the current

device position λt
i. Hence, force

−→
Fj(t) denotes the expected weighted positional change

of mobile cloudlet mj.

Since the mobility of the cloudlets is constrained by the maximum travel pa-

rameter Λj, we update the force value. The actual value of the force used in deducing
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the new position is given by Equation (6.3).

−→
Fj(t) =


Λj if

−→
Fj(t) > Λj

−→
Fj(t) otherwise.

(6.3)

Then, the estimated position ŵj(t) of mobile cloudlet mj is given by Equa-

tion (6.4).

ŵj(t) =
−→
Fj(t) + wj(t− 1), (6.4)

where the vector components of the force are added to the corresponding 3D coordinates

of the position of the cloudlet in the previous time slot wj(t− 1). Note that MCP from

the initial placement (Algorithm 8) is utilized as wj(1).

After these calculations (lines 6-8), the final position wj(t) of the cloudlet is

determined by finding the closest cell ck to the estimated position ŵj(t) (line 9). The

history of cloudlet locations is maintained in MCP(t), and the device assignments DCA

are updated for using in the next round (lines 10-11). Every cloudlet moves to its new

final position wj(t), i.e., the center of the cell ck using MCP(t).

To summarize, the mobile cloudlets move towards the devices with the highest

attractive force and finally relocate to the centers of the cells, closest to their estimated

positions in the grid. Algorithm 9 outlines the entire process of the adaptive placement

of PMCP. After each adaptive placement iteration, the devices are individually mapped

to the relocated mobile cloudlets using Algorithm 10 and used to make the placement

decision in the next round.

6.3 Experimental Results

6.3.1 Experimental Setup

For an extensive evaluation, the experiments on the PMCP approach need to

be performed under a realistic user mobility model and appropriate distribution of
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changing user demands. We utilize the KTH Walkers dataset [36] to establish mobility

scenarios for our experiments. The dataset represents traces of pedestrian mobility

from a part of downtown Stockholm. Moreover, the dataset was specifically designed

to study mobility models for opportunistic communications, meaning that it is a highly

suitable dataset for evaluating our approach. There are four sub-traces (3 Ostermalm

traces and 1 Subway trace) in the KTH Walkers dataset, each of which we use to

generate one 2D and one 3D mobility dataset for our experiments. We likewise assume

a uniform distribution for mobile cloudlet capacities and individual user demands. We

experiment with a different number of devices to test the scalability of our approach

and deduce the number of mobile cloudlets for each scenario based on this number of

devices.

We compare the performance of the PMCP with the optimal solutions by OMCP

and the results of DBSCAN with path planning (DBSCAN-PP). DBSCAN-PP is cho-

sen as a benchmark since it is a well-known density-based clustering method and

behaves similar to existing mobile cloudlet placement approaches in the literature

(e.g., [76]) when we add the path planning component. It is hence a strong bench-

mark given the unavailability of implementation of the existing studies. We compare

our approach with these benchmarks in terms of user coverage attained at each time

slot, the rate of cloudlet switches made by the devices (to test the stability of each

approach), cumulative distance traveled by the mobile cloudlets, and the running time

across different time slots. We also visualize the cloudlet placements to demonstrate

the movement of the mobile cloudlets in response to dynamic changes in device speci-

fications.

Table 6.1: Experiment Scenarios - PMCP

Scenario |M| |D| |T | µt
j δti

Scenario3 (S3-2D/3D) 16 300 10 U [140, 170] U [2, 10]
Scenario2 (S2-2D/3D) 12 180 10 U [120, 160] U [2, 10]
Scenario1 (S1-2D/3D) 8 100 10 U [80, 100] U [2, 10]
Subway (SW-2D/3D) 8 100 6 U [80, 120] U [2, 10]
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As we can see, Table 6.1 presents the different experiment scenarios in terms

of the number of mobile cloudlets available, the number of devices, the number of

time slots in the experiment, distribution of cloudlet capacities, and distribution of

device demands. For each scenario, both 2D and 3D mobility datasets have been

created. 2D datasets are direct representations of available traces, while 3D datasets

were generated by assuming a 3D landscape over which mobility happens. This is done

by adding non-negative z-coordinates (to denote elevations of the assumed landscape)

to existing trace data. In addition, the maximum travel parameter Λj for all of these

experiment scenarios are based on a uniform distribution U [2, 3].

We obtain the optimal results from OMCP by solving the integer program using

IBM ILOG CPLEX Concert Technology API for Java [29]. All approaches are imple-

mented in the same version of Java, and all experiments are run on the same JVM

on the Nautilus HyperCluster [5] with 16 CPU cores and 64 GB RAM. This justifies

a direct comparison between the approaches. It is also noteworthy that OMCP is an

NP-hard problem. As such, CPLEX may never converge to a provably optimal result

for some experiment scenarios. Hence, the best results obtained within a specified

time limit are presented for consistency reasons. Since the optimization time limit

is set to 30 minutes in our experiments, we refer to the OMCP results as OMCP-30

hereafter. This means if OMCP could not solve the problem optimally in 30 min, the

best obtained result in this duration has been used for comparison.

6.3.2 Analysis of Results

6.3.2.1 Coverage

We first compare the coverage values of PMCP, DBSCAN-PP and OMCP-

30. Figure 6.2a shows the mean and standard deviations of the 2D scenarios. The

mean value of coverage obtained by PMCP across different 2D scenarios and time

slots is 92.89% with standard deviation of 4.63. In all scenarios, PMCP outper-

forms DBSACN-PP in terms of coverage. DBSCAN-PP obtains lower mean coverage

of 85.67% with standard deviation of 8.3. As an NP-hard problem, OMCP does not
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(a) Coverage for 2D Scenarios
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(b) Coverage for 3D Scenarios

Figure 6.2: PMCP: Comparison of average coverage values.

guarantee termination with an optimal solution in a finite time. As the problem size

increases in terms of the number of devices and the number of time slots, it is more

difficult to obtain the optimal solutions or even high-coverage time-limited solutions

using OMCP-30. This is most noticeable in Scenario 2 (S2-2D and S2-3D).

Figure 6.2b shows the coverage results of the 3D scenarios. The mean coverage

obtained by PMCP is lower than the 2D scenarios but still high at 86.22% with standard

deviation of 7.14. DBSCAN-PP is more consistent with a lower standard deviation

of 5.59, however, it again achieves lower mean coverage of 83.25%. The coverage values

obtained by PMCP are consistently more than DBSCAN-PP and OMCP-30 with lower

standard deviations except for a few cases as seen in Figure 6.2. The Subway scenarios

(SW-2D and SW-3D) and Scenario1-3D (S1-3D) are exceptions to this observation

where OMCP-30 has higher coverage with lower standard deviation. This is because

the size of these scenarios is much smaller. They either have a smaller number of

devices or fewer time slots or both. Hence, it is easier for an exhaustive approach like

OMCP-30 to find values closer to the optimal solution. DBSCAN-PP performs better

in terms of coverage in Subway-3D (SW-3D) scenario since the scenario has distinct

dense clusters, but PMCP is still comparable given a large overlap in the error bars

of both approaches. Moreover, cloudlets can move more freely in DBSCAN-PP since

new cluster centers can be far (larger than Λj) from current cloudlet cells, which may
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lead to infeasible placements.

6.3.2.2 Adaptive Nature

We visualize the cloudlet placements to illustrate smooth adaptive movement of

cloudlets in PMCP in response to the devices’ movements. In Figure 6.3, we present

the comparative cloudlet placements according to PMCP (red) and OMCP-30 (green)

along with the devices (blue and orange based on PMCP coverage) across different

time slots of the Subway 3D (SW-3D) scenario. The device distributions across time

slots first show that the Subway 3D scenario realistically depicts the visible 3D features

in subway stations like stairs and escalators at the entrance and the exit, and the area

around and outside the station. In addition, Figure 6.3a shows the initial placement

at τ = 1, which looks better for PMCP since it places cloudlets (red) close to the

demand centers (with coverage of 91%). Hence, the placement of cloudlets by PMCP

appear closer on average to the devices than the placement by OMCP-30 (green).

There are some exact overlaps between PMCP cloudlets and OMCP-30 cloudlets too.

In comparison, OMCP-30 cloudlets are placed more strategically to cover a larger

number devices (about 95%) but are not close to the devices in some of their locations.

As the devices move, both approaches readjust the placements of the cloudlets.

At τ = 3 (see 6.3b), the placements by OMCP-30 look better based on the distribution

of devices. The coverage of OMCP-30 here is 96% compared to only 78% for PMCP.

However, PMCP has significantly readjusted cloudlet placements based on the new

user distribution. As the devices have scattered more, so have the PMCP cloudlets.

Moving into the final time slot τ = 6, Figure 6.3c shows that PMCP has caught up

significantly in terms of following the devices and has placed cloudlets close to device

clusters at the bottom-left and the top-right (notice the wider coverage in the figure),

which did not have nearby PMCP cloudlets in τ = 3. The visualizations here validate

that PMCP places the mobile cloudlets by truly responding to dynamic and uncertain

changes in device distribution at every time slot and achieves consistent coverage in

comparison to the optimal coverage. They also demonstrate that PMCP does not favor
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(a) τ = 1 (b) τ = 3

(c) τ = 6

Figure 6.3: Visualization of comparative cloudlet placements and PMCP coverage at
different time slots.

the devices in dense regions only and adapts to even sparse regions over time. It fairly

serves all devices in long-term since the devices far away from the dense regions are

eventually covered too.

6.3.2.3 Stability

Providing stable services is also critical as it reduces excessive migration that

will lead to high latency. Both high coverage and stable service are the motivations

behind the design of our approach. As a result, our approach compensates for the

coverage gap by improving the stability of the services. We measure the stability in

terms of the switching rate for devices. The switching rate is the total number of
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Figure 6.4: PMCP: Comparison of cloudlet switching rates.

cloudlets switched by the devices between consecutive time slots divided by the total

number of connections established by the devices across all time slots. Thus, a lower

switching rate means the devices are likely to be served by the same cloudlet across

consecutive time slots which leads to fewer migrations between cloudlets and ultimately

to smoother, more stable edge services. Figure 6.4 shows the switching rate of the three

approaches across all experiment scenarios.

The average switching rate of PMCP, DBSCAN-PP, and OMCP-30 are 0.259, 0.484,

and 0.716, respectively. This means only 25.9% of the connected devices change

cloudlets between the two time slots in PMCP while a more significant number of

devices 48.4% and 71.6% do that in DBSCAN-PP and OMCP-30, respectively. The

high rate obtained by OMCP-30 is because it is agnostic to switching and objectively

focuses on maximizing coverage, while DBSCAN-PP has path planning to minimize

movement of cloudlets between clusters which offers some advantage. Hence, even

in the higher coverage scenarios, users using DBSCAN-PP and OMCP-30 experience

more delay for their services. Though we can make OMCP-30 more adept at handling

switching, introducing hard constraints to limit switching in OMCP-30 may even render

some scenarios theoretically infeasible to solve. This further supports the performance

of PMCP in terms of coverage since OMCP-30’s coverage values are extremely high
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benchmarks to compare against. Among all scenarios, the only comparable switch-

ing rate between the PMCP and OMCP-30 can be noticed for SW-2D scenario. This

indicates that OMCP-30 probably found a solution with less switching by chance. Oth-

erwise, PMCP always has a significantly lower switching rate, consequently, ultra-low

latency services, compared to both DBSCAN-PP and OMCP-30.

6.3.2.4 Energy Efficiency

Given that the mobile cloudlets are deployed for the same distribution of devices

and assuming all other factors constant, the energy consumption of the UAV-mounted

mobile cloudlets largely depends on the total distance traveled by them. Hence, we

assess the energy efficiency using the cumulative distance traveled by the cloudlets in

terms of unit cells, i.e., the distance between centroids of the unit cells switched by the

cloudlets across all time slots. As shown in Figure 6.5, PMCP is extremely efficient in

terms of cloudlet movements for all scenarios. The mean cumulative distance traveled

by the cloudlets are 110.84, 525.69, and 887.95 for PMCP, DBSCAN-PP, and OMCP-

30, respectively across all scenarios. For some scenarios, the cloudlets have negligible

movement between cells in PMCP, notably S1-2D and S3-2D. This is because in PMCP,

cloudlets do not move to a different cell unless there is a significant change in the user
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Figure 6.5: PMCP: Comparison of cloudlet distance traveled (cell units).
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distribution in and around its covered cells. DBSCAN-PP is significantly worse since

it re-clusters the devices in each time slot and moves cloudlets with no maximum

travel constraint to newly established cluster centers based on matching. Unrestricted

movement with poorer energy efficiency makes DBSCAN-PP impractical. These are

obvious limitations of the existing approaches in the literature that are based on similar

principles. OMCP-30 is again agnostic to minimizing the distance traveled and purely

focuses on maximizing coverage.

6.3.2.5 Running Time

We compare the running time of PMCP against DBSCAN-PP and OMCP-30

(i.e., 30 minute time limit shown by the flat line). Illustrated by Figure 6.6, PMCP has

exceptionally low running time compared to OMCP-30. DBSCAN-PP has a similar

running time, however, it should be noted that DBSCAN needs to be tuned using

two hyperparamters (ϵ and minPoints) and the running time shown here is for a

tuned version of DBSCAN. If there are n combinations of hyperparameters considered

for tuning DBSCAN, then obtaining the presented results would take n times the

presented running time. On the contrary, PMCP runs in a few milliseconds with total

running time for any scenario never exceeding 56 milliseconds. It should again be

����
�

����
�

����
�

����� ����
�

����
�

����
�

�����

����� ��

�

��

����

����

����

���	

���


�
#�

"��
��

��
!�

��"���
��
�
���
�����
��
����

Figure 6.6: PMCP: Comparison of total running time (ms).
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noted that most of this time is spent on the initial placement of the mobile cloudlets,

where mobility decisions are not yet being made. Also, this figure shows the sum of

the running times across all time slots (sum of 6-10 time slots). Calculations in the

adaptive part of the approach only take close to 1-3 milliseconds for each time slot,

even for the largest experimental scenario.

In summary, PMCP offers consistent high device coverage, stable services through

low switching rate, and markedly superior energy efficiency through reduced cumula-

tive distance traveled by the cloudlets. PMCP is well designed to run in real time and

scales well across scenarios.

6.4 Chapter Summary

Deployment of mobile cloudlets is an elegant solution to provide better services

in next-generation edge networks with high user mobility and dynamic, uncertain de-

mands. To address the goals of enhancing user coverage and providing stable edge

services, we designed a novel dynamic mobile cloudlet placement approach, PMCP,

inspired by the concepts in physics. The results show that PMCP not only achieves

high coverage and more stable services but is also energy-efficient and runs in real time.

This means our approach is practical for dynamic cloudlet placements and can also be

extended to solve dynamic assignment and resource placement problems. Since the

approach includes iterative calculations, it can also be parallelized to run faster. The

scalability can be further enhanced using a distributed approach for dynamic cloudlet

placements which we study in the next chapter.

The completed manuscript of this chapter has been accepted for publication in

proceedings of the IEEE International Conference on Edge Computing and Communi-

cations (EDGE) 2022.
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Chapter 7

A DISTRIBUTED MOBILE CLOUDLET PLACEMENT

7.1 Background

As an efficient approach, PMCP offers many advantages such as smooth adap-

tivity to device mobility, stability, energy efficiency, and high coverage. Centralized

approaches like PMCP gather all information from all system entities and use them to

compute the decisions that are globally better overall. However, as the frequency of the

sensor data increases and the environment gets larger, dynamic, and more complex,

quality decisions are more difficult to produce [38]. As a centralized approach, PMCP

suffers from single point of failure if the link to the central decision entity is disrupted

or if the central entity fails itself. Furthermore, complete information about the system

may not be available if one or more sensors fail. Centralized decisions likewise take

more time as the problem size grows which makes it difficult to ensure that all decisions

are taken within a bounded time threshold.

Recent literature in distributed systems support that distributed decision-making

algorithm designs can replace centralized decision making to achieve faster response

and higher reliability [38]. Furthermore, a distributed approach maintains consistent

performance as the problem size scales up. As a distributed computing paradigm,

distributed approaches perfectly align with edge computing, and especially to mobile

cloudlet placement problem since the UAV-mounted mobile cloudlets are fully dis-

tributed and make movements with local awareness. Hence, in this chapter, we present

a distributed mobile cloudlet placement approach by extending the PMCP approach

presented in Chapter 6. The distributed approach hence maintains the key advantages

of the PMCP approach while addressing the concerns of single point of failure, slower

decision time, and scalability.
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Figure 7.1: Communication between neighboring mobile cloudlets

7.2 Distributed Mobile Cloudlet Placement

We propose a novel distributed mobile cloudlet placement (DMCP) algorithm

to perform adaptive placement of mobile cloudlets based on the changes in user distri-

bution and demands. As shown in Figure 7.1, mobile cloudlets are distributed across a

service area (shown in 2D for simplicity). Each mobile cloudlet can directly communi-

cate with its neighboring cloudlets if they have an overlapping communication region.

The communication radius is assumed to be larger than their 3D coverage since neigh-

borhood communication does not require ultra-low latency. Each mobile cloudlet is

able to multicast the list of devices within its 3D coverage. Therefore, other cloudlets

in its neighborhood can receive this information. The neighbors can thus exchange in-

formation to have a better picture of the devices in their extended surroundings. The

cloudlets can then make local decisions based on the information available to them.
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7.2.1 Initial Placement

The initial placement in DMCP is performed based on an observational basis.

The mobile cloudlets start sensing devices as they are deployed. When they sense

a few devices in an empty cell, they confirm that cell as their initial position. It is

important to note that the cloudlets avoid moving into cells where other cloudlets

are already initialized since they can sense other cloudlets too. The overall initial

placement is done in a random order, and cloudlets are deployed from different locations

to allow a uniform placement across perceived clusters of devices. This step should be

taken more as deploying the mobile cloudlets to prepare for service rather than actual

placement to serve the devices. Nonetheless, the cloudlets can start serving the devices

straightway and provide significant starting coverage when initialized in this manner.

Also note that, unlike PMCP, the cloudlets in DMCP are assigned indexes from a

reserved index pool (for each specific range of capacities) in an increasing order of their

size whenever they are deployed. Once all mobile cloudlets are ready, the distributed

adaptive placement of DMCP begins.

7.2.2 Distributed Adaptive Placement

The adaptive part of DMCP allows individual decision makings for each mobile

cloudlet as shown in Algorithm 11. Every mobile cloudlet mj follows a sequence of

actions outlined in the algorithm as long as it is active (line 1), meaning it is functioning

at the expected capacity.

Sense:

Cloudlet mj discovers the devices within its 3D coverage rj and populates the

list of its locally discovered devices D̂out
j (t) (line 2). This is the outgoing information

from the cloudlet.

Exchange:

The exchange of messages between the cloudlets happens (lines 3-4). The

cloudlet multicasts the list of devices D̂out
j (t) to their neighbors. Note that the neighbors
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Algorithm 11 DMCP - Distributed Placement

Repeat the following for mobile cloudlet mj ∈M
1: while mj is active do

▷ Sense:
2: D̂out

j (t)← Devices within rj
▷ Exchange:

3: Multicast D̂out
j (t) to neighbors

4: Receive D̂in
j (t) from neighbors

5: D̂temp
j (t) = D̂out

j (t) ∪ D̂in
j (t)

▷ Select:

6: for di ∈ D̂temp
j (t) do

7: if di within θ ∗ rj then
8: Add di to D̂j(t)

▷ Decision:
9: Calculate force

−→
Fj(t) using Eqn (7.1)

10: Assign constrained force
−→
Fj(t) to mj using Eqn (7.2)

11: Find estimated location ŵj(t) of mj using Eqn (7.3)
12: wj(t) = ClosestCell(ŵj(t))

▷ Conflict Resolution:
13: Multicast wj(t) to neighbors
14: Receive win

j (t) from neighbors
15: Add win

j (t) conflicting with neighbors to W in
j (t)

16: if W in
j (t) == ∅ then

17: wfinal
j (t) ← wj(t)

18: else
19: wfinal

j (t) ← ResolveConflict(W in
j (t))

▷ Move:
20: Move to wfinal

j (t)

are the mobile cloudlets with an overlapping communication radius with cloudlet mj.

The lists of all devices received from all the neighbors are maintained in a singular

list D̂in
j (t). Once the exchange is complete, a temporary list of devices D̂temp

j (t) is

created (line 5) to guide the selection step. It is important to note that duplicates are

discarded when building D̂temp
j (t) so that every sensed device is evaluated only once.
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Select:

The process of selecting devices for decision making is represented in lines 6-

8. This process uses the temporary list of devices D̂temp
j (t) as a reference since these

are all devices known to the cloudlet that are available for selection. The cloudlet

selects all devices di within θ ∗ rj (line 7). Here, θ is the selection factor which can

be determined based on the environment and the implementation requirements. We

assume that theta ≥ 1 since the cloudlets should at least consider all the devices within

its coverage rj. The devices eventually selected for decision making are stored in D̂j(t).

Decision:

Now that the device selections are finalized, all cloudlets can proceed to making

their local decisions using the PMCP approach presented in Chapter 6. To revise the

idea, there is a force of attraction between two bodies and we formulate the force of

attraction as a vector pull force from the devices acting on the mobile cloudlets which

attracts them to their new locations.

We use this physics concept in our approach by considering the devices as moving

masses (which need to be served) since they continuously change positions between time

slots. In addition, we consider the mobile cloudlets as fixed masses (that are deployed

to serve devices) since they are assumed to be at rest in their placed cells until pulled

by the changing device demands and mobility into new cells.

Note that the equations were already presented in Chapter 6. However, we

present them here again for readability of the DMCP algorithm. The cloudlet calculates

the total vector pull force (line 9) using the formula given by Equation (7.1).

−→
Fj(t) =

∑
∀di(t)∈D̂j(t)

−→η δti∑
∀di(t)∈D̂j(t)

δti
(7.1)

We define −→η = ∆(λt
i, wj(t−1)) as the displacement between the position of the mobile

cloudlet at t − 1 to the current device position λt
i. Hence, force

−→
Fj(t) denotes the

expected weighted positional change of mobile cloudlet mj. Note that force
−→
Fj(t) is a
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vector quantity with component forces in the direction of each 3D axis based on the

displacement vector −→η .

Since the mobility of the cloudlet is constrained by the maximum travel param-

eter Λj, we update the force value (line 10). The actual value of the force used in

deducing the new position is given by Equation (7.2).

−→
Fj(t) =


Λj if

−→
Fj(t) > Λj

−→
Fj(t) otherwise.

(7.2)

Then, the estimated position ŵj(t) (line 11) of mobile cloudlet mj is given by

Equation (6.4).

ŵj(t) =
−→
Fj(t) + wj(t− 1), (7.3)

where the vector components of the force are added to the corresponding 3D coordinates

of the position of the cloudlet in the previous time slot wj(t− 1). Note that the initial

placement is utilized as wj(1).

After these calculations (lines 9-11), the destination position wj(t) of the cloudlet

is determined by finding the closest cell ck to the estimated position ŵj(t) (line 12).

However, it is possible that other cloudlets might have calculated the same cell as their

destination position. Hence, the cloudlet needs to resolve any conflicts before moving.

Conflict Resolution:

To resolve any conflict, the cloudlet sends wj(t) and receives win
j (t) from their

neighbors (lines 13 and 14). The received conflicting positions (having the same des-

tination) and related cloudlets are maintained in a hash table W in
j (t) which contains

the cloudlet mapped to its current position and the conflicting destination position

(line 15).
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Algorithm 12 ResolveConflict()

1: Input: W in
j (t)

2: mtop = maxIDCloudlet(W in
j (t))

3: if mj = mtop then

4: wfinal
j (t) = wj(t)

5: else
6: if wtop = wj(t− 1) then

7: wfinal
j (t) = wtop(t− 1)

8: else
9: wfinal

j (t) = wj(t− 1)

10: Output: wfinal
j (t)

If the cloudlet does not have any conflicts, it can readily move to its calculated

destination position (lines 16-17).

To resolve the conflicts based on the accumulated hash table of conflicts posi-

tions W in
j (t), the cloudlet calls ResolveConflict function, presented in Algorithm 12

(line 19). using this function, cloudlet mj first finds a cloudlet from the hash table

with the highest index mtop, including itself (the calculating cloudlet) (line 2). The

cloudlet indexes are ordered based on the size. This is to move larger cloudlets with

the expectation of providing more coverage and stability. If the calculating cloudlet

is the one with the highest index, it can move to the its destination position since

it has the highest priority to move (lines 3-4). Otherwise, the cloudlet will check if

the top cloudlet mtop wants to move to its current position wj(t − 1). If that is the

case, cloudlet mj has to vacate the current cell by exchanging its position with mtop.

Therefore, wtop(t− 1) indicates the new position of the cloudlet (lines 6-7). Finally, if

no previous conditions occur, the cloudlet can avoid conflict by simply staying in its

current position (line 9) to make way for the larger cloudlet to move. The function

returns the final position wfinal
j (t).

Move:

Now that the conflicts are resolved, cloudlet mj finally moves to its new posi-

tion wfinal
j (t).
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To summarize, the mobile cloudlets move towards the devices with the highest

attractive force and finally relocate to the centers of the cells, closest to their estimated

positions in the grid. Algorithm 11 outlines the entire process of the adaptive placement

of DMCP. After each adaptive placement iteration, we assume the devices within 3D

coverage of a mobile cloudlet automatically connect to the cloudlet as long as sufficient

capacity is available on an opportunistic basis. The placement decisions are made again

after a certain time window based on the environment.

7.3 Experimental Results

7.3.1 Experimental Setup

We require a realistic user mobility model and appropriate distribution of chang-

ing user demands for an extensive evaluation of the DMCP approach. Hence, just like

PMCP approach, we use the KTH Walkers dataset [36] to generate multiple mobility

scenarios for our experiments since it is a highly suitable dataset for evaluating mo-

bility dependent approaches like DMCP. The scenarios used for experiments are the

same scenarios we used to evaluate PMCP, based on four sub-traces (3 Ostermalm

traces and 1 Subway trace) in the KTH Walkers dataset, each of which we use to gen-

erate one 2D and one 3D mobility dataset for our experiments. We likewise assume a

uniform distribution for mobile cloudlet capacities and individual user demands. We

experiment with a different number of devices to test the scalability of our approach

and deduce the number of available mobile cloudlets for each scenario based on this

number of devices.

Table 7.1: Experiment Scenarios - DMCP

Scenario |M| |D| |T | µt
j δti

Scenario3 (S3-2D/3D) 16 300 10 U [140, 170] U [2, 10]
Scenario2 (S2-2D/3D) 12 180 10 U [120, 160] U [2, 10]
Scenario1 (S1-2D/3D) 8 100 10 U [80, 100] U [2, 10]
Subway (SW-2D/3D) 8 100 6 U [80, 120] U [2, 10]
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Figure 7.2: DMCP Simulation Architecture

We compare the performance of the DMCP with the solutions obtained by

OMCP and PMCP–the centralized version of DMCP. We further include the K-Means

approach as an additional benchmark since it is one of the most popular clustering

approaches and can easily be embedded alongside a general sequence of actions in

DMCP by performing 1-Mean in the Decision step. This provides a distributed K-

Means approach (D-KMEANS) to compare with our distributed DMCP approach. All

of these are strong benchmarks given the unavailability of other suitable distributed

algorithmic benchmarks for the mobile cloudlet placement problem. We compare our

approach with these benchmarks in terms of user coverage attained at each time slot,

the rate of cloudlet switches made by the devices (to test the stability of each approach),

cumulative distance traveled by the mobile cloudlets, and the running time across

different time slots. We also visualize the service fairness to demonstrate how fairly

each device is covered as it moves, connects, disconnects, and reconnects across multiple

time slots.
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As we can see, Table 6.1 presents the different experiment scenarios in terms

of the number of mobile cloudlets available, the number of devices, the number of

time slots in the experiment, distribution of cloudlet capacities, and distribution of

device demands. For each scenario, both 2D and 3D mobility datasets have been

created. 2D datasets are direct representations of available traces, while 3D datasets

were generated by assuming a 3D landscape over which mobility happens. This is done

by adding non-negative z-coordinates (to denote elevations of the assumed landscape)

to existing trace data. In addition, the maximum travel parameter Λj for all of these

experiment scenarios are based on a uniform distribution U [2, 3], the communication

radius is the same as the coverage radius, and the selection factor θ = 1.5.

7.3.2 Simulation Details

Since DMCP and D-KMEANS are distributed approaches, we built a simulator

in Java to accurately evaluate the approaches. The overall architecture of the simulator

is depicted in Figure 7.2. As shown in the figure, each mobile cloudlet is a thread that

communicates with its neighbors via TCP sockets. Note that DMCP and D-KMEANS

algorithms and the sensing module are embedded in each MobileCloudletNode. Since

the nodes exchange information to run the embedded algorithms consisting of different

data structures, we standardize the outgoing messages and incoming messages as JSON

objects. This is due to the fact that JSON is lightweight and can be easily encoded and

decoded when communicating using TCP sockets. Outgoing messages, once encoded,

are multicasted to the neighboring nodes. On the other hand, incoming messages need

a connection handler to receive messages coming from multiple neighbors to maintain

concurrency. The simulator represents a semi-synchronous environment, where the

nodes wait to receive messages from all neighbors before performing their calculations.

However, they also have a timeout implemented to start the calculations if messages

are not received by that time. Hence, the simulator provides a smooth communication

and the ability to scale the experiments to a large number of nodes.
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We obtain the optimal results from OMCP by solving the integer program us-

ing IBM ILOG CPLEX Concert Technology API for Java [29]. All approaches are

implemented in the same version of Java, and all experiments are run on the same

JVM on a standalone workstation with Intel Core i7 processor @2.70 GHz and 16GB

of RAM. This justifies a direct comparison between the approaches. Since, DMCP

and D-KMEANS rely on randomized initialization, the experiments for DMCP and

D-KMEANS are repeated numerous times to aggregate the result values and provide

a better representation of their performance. It is also noteworthy that OMCP is an

NP-hard problem. As such, CPLEX may never converge to a provably optimal result

for some experiment scenarios. Hence, the best results obtained within a specified

time limit are presented for consistency reasons. Since the optimization time limit

is set to 30 minutes in our experiments, we refer to the OMCP results as OMCP-30

hereafter. This means if OMCP could not solve the problem optimally in 30 min, the

best obtained result in this duration has been used for comparison.

7.3.3 Analysis of Results

7.3.3.1 Coverage

We first compare the coverage values of DMCP, PMCP, D-KMEANS, and

OMCP-30. Figure 6.2a shows the mean and standard deviations of the 2D scenar-

ios. The mean value of coverage obtained by DMCP across different 2D scenarios and

time slots is 88.03% with standard deviation of 5.71. In all scenarios, PMCP out-

performs DMCP in terms of coverage since as a centralized approach it has complete

access to all the values and decision parameters to make decisions. D-KMEANS, how-

ever, obtains lower mean coverage of 85.80% with standard deviation of 5.39. As an

NP-hard problem, OMCP does not guarantee termination with an optimal solution in

a finite time. We can notice in Scenario 2 (S2-2D and S2-3D) that OMCP-30 is unable

to attain good coverage as the problem size increases in terms of the number of devices

and the number of time slots.
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(a) Coverage for 2D Scenarios
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(b) Coverage for 3D Scenarios

Figure 7.3: DMCP: Comparison of average coverage values.

Figure 6.2b shows the coverage results of the 3D scenarios. The mean coverage

obtained by DMCP is lower than the 2D scenarios but still above 80% at 82.77% with

standard deviation of 6.78. DMCP is actually more consistent than PMCP which has

a higher coverage at 86.22% but also higher standard deviation of 7.14. D-KMEANS

again achieves lower mean coverage of 81.16%, although only marginally lower. The

coverage values obtained by DMCP are lower but consistently closer to PMCP and

outperform D-KMEANS as seen in Figure 6.2. The S2 scenarios (S2-2D and S2-3D)

are exceptions to this observation where PMCP has much higher coverage values. This

is because of a large number of conflicts occurring during the distributed placement in

DMCP (and D-KMEANS). It should be noted that cloudlets can move more freely in

D-KMEANS since new cluster centers can be far (larger than Λj) from current cloudlet

cells, which may lead to infeasible placements.

7.3.3.2 Service Fairness

One of the major concerns of the placement approaches in dense and dynamic

environments is that many devices may not be able to access the resources due to

intermittent connectivity, and many devices might be inadvertently favored. This

leads to an uneven user experience. We visualize the service fairness of DMCP along

with the compared approaches to show that all devices are able to fairly connect to
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(a) PMCP Fairness
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(b) D-KMEANS Fairness
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(c) DMCP Fairness
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(d) Jain Fairness Index

Figure 7.4: Service fairness: Visualization and Jain Fairness Index

the mobile cloudlets as they move, connect, disconnect, and reconnect to the mobile

cloudlets over different time slots.

Figure 7.4 shows the number of times each device is able to connect to a placed

cloudlet over 10 time slots of Scenario1-3D (S1-3D). DMCP and PMCP, both physics-

inspired adaptive approaches, provide connectivity to all devices at least twice, whereas

in D-KMEANS as much as 7% of the devices are never covered by any cloudlet. In both

DMCP and PMCP, easily more than 80% of the devices are connected for 6 or more

time slots. Moreover, in DMCP, more than 45% of the devices are covered in all 10

time slots (Figure 7.4c) which is again comparable to the centralized PMCP approach

(Figure 7.4a). This kind of complete coverage is only about 38% in D-KMEANS (Fig-

ure 7.4b). Similarly, we calculated the Jain Fairness Index [30] of the visualized values
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to quantify fairness in connectivity, which are shown in Figure 7.4d. The Jain Fairness

Index for PMCP, D-KMEANS, and DMCP are 0.925, 0.780, and 0.937 respectively.

It means 93.7% of devices are connected fairly in DMCP whereas only 78% devices

experience fair connectivity in D-KMEANS. The visualizations and Jain Fairness In-

dex values validate that DMCP, similar to PMCP, places the mobile cloudlets by truly

responding to dynamic and uncertain changes in device distribution at every time slot.

The results also demonstrate that DMCP does not favor the devices in dense regions

only, and it adapts to even sparse regions over time. DMCP fairly serves all devices

in the long-term because the devices far away from the dense regions are eventually

covered too.

7.3.3.3 Stability

Providing stable services is also critical as it reduces excessive migration that

will lead to high latency. Both high coverage and stable service are the motivations

behind the design of our approach. As a result, our approach compensates for the

coverage gap by improving the stability of the services. We measure the stability in

terms of the switching rate for devices. The switching rate is the total number of

cloudlets switched by the devices between consecutive time slots divided by the total

number of connections established by the devices across all time slots. Thus, a lower

switching rate means the devices are likely to be served by the same cloudlet across

consecutive time slots which leads to fewer migrations between cloudlets and ultimately

to smoother, more stable edge services. Figure 6.4 shows the switching rate of the three

approaches across all experiment scenarios.

The average switching rate of DMCP, PMCP, D-KMEANS, and OMCP-30

are 0.368, 0.259, 0.345, and 0.716, respectively. This means about 36.8% of the con-

nected devices change cloudlets between the two time slots in DMCP. In comparison,

only 25.9% of the connected devices change cloudlets between the two time slots in

PMCP and slightly lower 34.5% in D-KMEANS. A more significant number of de-

vices 71.6% do that in OMCP-30. The high rate obtained by OMCP-30 is because it
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Figure 7.5: DMCP: Comparison of cloudlet switching rates.

is agnostic to switching and objectively focuses on maximizing coverage. D-KMEANS

places cloudlets at the center of device clusters and is likely to end up closer to the

same devices, which we noticed as a worse service fairness earlier. Hence, even in the

higher coverage scenarios, users under OMCP-30 placement experience more delays for

their services. PMCP again outperforms DMCP as a centralized approach. However,

it should be noticed that DMCP has a higher standard deviation, and one or two in-

stances have pushed its average upwards. It still closely matches PMCP, and more

than 60% of the devices experience stable service under DMCP placements.

7.3.3.4 Energy Efficiency

Given that the mobile cloudlets are deployed for the same distribution of devices

and assuming all other factors constant, the energy consumption of the UAV-mounted

mobile cloudlets largely depends on the total distance traveled by them. Hence, we

assess the energy efficiency using the cumulative distance traveled by the cloudlets in

terms of unit cells, i.e., the distance between centroids of the unit cells switched by the

cloudlets across all time slots. As shown in Figure 6.5, PMCP is extremely efficient

in terms of cloudlet movements for all scenarios. However, DMCP is not too far.

The mean cumulative distance traveled by the cloudlets are 142.89, 110.84, 164.31,
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Figure 7.6: DMCP: Comparison of cloudlet distance traveled (cell units).

and 887.95 for DMCP, PMCP, D-KMEANS, and OMCP-30, respectively across all

scenarios. For some scenarios, the cloudlets have negligible movement between cells

in PMCP, notably S1-2D and S3-2D. This is also comparatively true for DMCP in

S1-2D and S2-3D. It is because in DMCP and PMCP, cloudlets do not move to a

different cell unless there is a significant change in the user distribution in and around

its covered cells. D-KMEANS is close but worse overall than DMCP, especially in

more complex 3D scenarios. D-KMEANS thus far has unrestricted movement, poorer

service fairness, and poorer energy efficiency which makes it comparatively inferior

to DMCP as a distributed approach. OMCP-30 is again agnostic to minimizing the

distance traveled and purely focuses on maximizing coverage.

7.3.3.5 Scalability

We now compare the decision time of DMCP against PMCP and D-KMEANS to

demonstrate its scalability. The decision time is the average time taken (in milliseconds)

by each mobile cloudlet to reach the final decision on making its next move at each

time slot. We used 5 different sparse to dense variations (ordered from left to right in

Figure 6.6) of the SW-3D scenario to observe the decision time as the number of mobile

cloudlets and devices increases under the same mobility pattern. We do not consider
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Figure 7.7: DMCP: Comparison of decision time (ms).

OMCP-30 in this comparison since it is originally an exhaustive approach and has a

constant time allocated for optimization (i.e., 30 minutes time limit).

Illustrated by Figure 6.6, DMCP has the lowest decision time for all scenarios

(1.12-7.21 ms) compared to all approaches. D-KMEANS has a similar decision time

(5.82-7.29 ms), however, it should be noted that D-KMEANS is simplified to 1-MEAN

and embedded into the same sequence of actions as DMCP. The reduction is hence

due to the overall design of DMCP. Another difference is shown by anomalously low

decision time for DMCP in the sparsest scenario. This is because DMCP calculations

are simple while D-KMEANS still needs to calculate cluster centroids till convergence

for each cloudlet, and hence, has much larger decision time for the sparsest scenario.

Note that these mean values for DMCP and D-KMEANS do not include the initial

random deployment step which is significantly faster and would further lower this

mean decision time.

The adaptive part of PMCP (PMCP-ADT) is not much worse than DMCP at

8.24-13.43 ms. However, DMCP remains extremely steady as the scenarios become

dense while the decision time increases for PMCP-ADT. In the same way, the initial

placement of the mobile cloudlets in PMCP (PMCP-INT) is much more inefficient,

and the decision time highly increases as scenarios become denser. The overall higher
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coverage and stability in PMCP are partly due to this computationally heavy step with

consistently better initial placements. Another point to consider is that DMCP decision

time includes time taken to communicate with the neighbors during each exchange and

conflict resolution steps. In comparison, the centralized sensing of devices in PMCP

is simulated to arrive from a single node that has complete device information, and

PMCP’s decisions are known by all mobile cloudlets at the same time (once received

by any one mobile cloudlet). These suggest that PMCP decision time could take more

time depending on the distribution of the sensors and the mobile cloudlets. Based on

these scenarios, the average decision time of DMCP is 47% less than PMCP-ADT.

Therefore, these results show that DMCP has significantly faster decision time and

better scalability.

In short, DMCP offers comparatively high device coverage, stable services through

a low switching rate, and marked energy efficiency through reduced cumulative distance

traveled by the cloudlets. DMCP is well designed to run in a distributed manner and

has no initialization overhead. It is likewise more scalable as the size of the scenarios

grows.

7.4 Chapter Summary

As the user mobility increases together with dynamic and uncertain demands,

deploying mobile cloudlets offers a neat solution to provide better services in next-

generation edge networks. We designed a novel distributed mobile cloudlet placement

approach, DMCP, to address the goals of enhancing user coverage and providing stable

edge services while maintaining scalability. The results show that DMCP achieves

high coverage, allows stable services, and is also energy-efficient. It further offers good

service fairness, runs in real-time, and maintains a steady decision time even as the

problem-size scales up. Our distributed approach is therefore practical for mobile

cloudlet placements and can be extended to solve distributed assignment and resource

placement problems in a unique way.
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Chapter 8

CONCLUSIONS AND FUTURE WORK

We tackle several challenges associated with the cloudlet placement problem in

this dissertation. First, we propose a mathematical model of the static cloudlet place-

ment problem (OCP) as an integer linear program considering multiple objectives

and comprehensively capturing real life constraints associated with the problem. The

mathematical model serves as a benchmark for subsequently proposed efficient cloudlet

placement approaches. Second, we propose a fast Genetic Algorithm-based Placement

Approach (GACP). The results show that GACP obtains close to optimal cost cloudlet

placements by smoothly trading-off between the cost and the latency objectives. Then,

we propose a bifactor approximation approach (ACP) for the cloudlet placement prob-

lem. We perform rigorous theoretical analysis and experiments to show the theoretical

bounds for the objectives of the placement problem and efficient performance in real

life placement scenarios. Thereafter, we formulate a mathematical model for dynamic

mobile cloudlet placement problem (OMCP) for placement in highly dynamic and mo-

bile scenarios. Likewise, we propose a novel approach (PMCP) for dynamically placing

mobile cloudlets based on changing user demands and mobility inspired from physics.

It provides an elegant way of adaptively placing mobile cloudlets over discrete time slots

in dense next generation networks. Finally, we propose a distributed mobile cloudlet

placement approach (DMCP) to provide even faster decisions and address scalabil-

ity issues. These approaches altogether represent a collection of efficient and scalable

approaches to place cloudlets at the edge of the next generation networks.

We believe that our research will encourage new research work in the area of

cloudlet placement in edge computing. The following present several important and

promising directions of possible extensions to the approaches we have discussed in the
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dissertation. It is possible to design various multi-objective functions to make the op-

timal benchmarks more inclusive of other objectives (e.g., minimizing travel path of

a mobile cloudlet) of the respective placement problems. This will allow investigating

new approaches to solve multi-objective optimizations suitable for short-term or long-

term cloudlet placement strategies for edge computing. In addition, since ours is an

early work on dynamic cloudlet placement problem, there is an opportunity to capture

exact physics of cloudlet movement from cell to cell in the OMCP system model. Even

though we considered the mobility limitations of cloudlets, more specifics of that (e.g.,

impacts of battery level, weight, workload) can be investigated and captured in model-

ing. Furthermore, there is a research opportunity to study theoretical bounds of PMCP

or an extension of it to theoretically guarantee its (worst-case) performance across chal-

lenging instances. These performance guarantees can be investigated individually or

together for coverage, stability, fairness, and energy efficiency.

Another line of research can focus on detailing the nuances of grid and cell

design to complement our approaches since the design of the 3D grid (e.g., discontinu-

ous cells, physical obstructions, fading signal) and shapes of the cells (e.g., hexagonal

prism, sphere) have influence on the implementation of these approaches. Similarly, ap-

plications with hard real-time requirements (e.g., autonomous vehicles, safety systems,

rescue operations) are critically affected and need to be covered differently compared

to general applications (e.g., live streaming, real-time translation), which adds another

layer of heterogeneity. Hence, priority-based coverage of critical applications and higher

application granularity (e.g. sub-applications, dependencies) are some more avenues

available to explore. When it comes to DMCP, we can further enhance the robust-

ness of the approach by reducing the communication overhead (e.g., reducing the size

and the number of exchanged messages), making the approach fully asynchronous,

and guaranteeing properties of distributed consensus (e.g. liveness, fault-tolerance).

All of these will make it easier to deploy mobile cloudlets in real environments and

lead to better adoption of mobile cloudlet-based services as we transition into future

generations of the communication and computation networks.
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Appendix A

ADDITIONAL RESOURCES

This appendix provides additional resources related with the approaches dis-

cussed in the dissertation. The complete source code of the OCP, GACP, and ACP

approaches can be found on GitHub at Cloudlet Placement Final repository. Fully

reproducible capsule for ACP is available for run on Code Ocean [12]. A 10-minute

video presentation on ACP is available for public viewing on UD Capture.
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