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Chapter 1: Introduction

As the number of wireless users and the data rates of wireless applications increase, the
task of providing enough network resources that can cope with these demands becomes
challenging. Particularly, downloading (e.g., multimedia) content from different Internet
locations exposes networks to traffic congestion bottlenecks, consequently, causing delay,
waste of bandwidth, and even network failure. There are various approaches successfully
implemented in literature to overcome these defects. For example, using distributed
small datacenters instead of central cloud in large zones [2, Bl 4, [5], and prefetching
content in edge nodes are promising solutions for alleviating and controlling back-haul
congestions [0 [7, 8, [0} 10, [11]. Large streaming services, online businesses, and websites
are seizing the opportunity provided by the concept of Collaborative Filtering (CF), aka
recommendation systems, to improve performance. CF refers to utilizing the history of
users’ behavior for a pattern to predict their future behaviors. CF is divided into two
types: User-Based CF and Item-Based CF, which will be discussed further in chapter

In [11], Niu et al. proposed the idea of applying the concept of CF in networking
and communication. The framework contains a number of base stations (BSs), which
were grouped based on their requests history. In other words, BSs with similar requests’
preferences are grouped in to the same cluster, and the goal of clustering is to sort
history of requests for all bage stations within a cluster to find file popularity, where the
number of requests for each file is used as weight. In addition to file popularity, their
content placement uses User-Based CF. After finding the degree of similarity between
BSs within the cluster, they calculate the probability of request to each BS for all files.
Even though their approach successfully improves the hit ratio, more could be done.
The CF implementation objective was mainly to increase content placement; however,
CF concept can be leveraged to enable more concrete improvement to other network
issues such as congestion bottlenecks. In addition, the purpose of clustering is to obtain
the file popularity, meaning: first, part of caches memory for all BSs within the cluster
is identical, and second, disregarding the opportunity of in-network content caching.

Moreover, file prediction utilization has several vulnerabilities such as neglecting the files’



features and similarities, Item-based CF. Other papers such as [12] [13] [14] [15] 13], [16],
discussed the use of CF to improve the user quality of experience in websites, e-commerce,
applications, media-services provider, and primary care services. However, none of them
used it in networking and communication.

Despite of all its capabilities, CF concept, especially item-based CF, in networking

and communication is not fully used [11].

1.1 Thesis Contributions
The thesis raises three questions, which are:

e Will the implementation of hybrid cache prefetching, file popularity and content’s
prediction increase users’ successful attempts to find requested files in their local

caches?

e Will clustering cloudlets based on their history preferences increase users’ successful

attempts to find requested files within the cluster?
e Will cache prefetching and in-network caching reduce network back-haul link cost?

By adapting hybrid CF approaches, this thesis aims to maximize the probability that
users requested files are in the nearest datacenter (or cloudlet), which will help improve
the hit ratio and decrease back-haul traffic. The focus of this work is on: first, using
file popularity and item-based CF prefetching to bring content to local cache; Second,
clustering cloudlets using user-based CF to enable efficient in-network caching.

The main contributions of this thesis are:

e Evaluate the performance of an existing CF approach proposed in [I1]], along with

a base-line Zipf-distribution-based system model [17].

e Present a Collaborative Filtering for content placement and in-network caching

strategy that promises to enhance the latency and network traffic congestion.

e Simulate the proposed framework and evaluate its performance.



1.2 Organization of the Thesis

The remaining of the thesis will be organized as follows. Chapter 2 provides a brief
background and literature review on the subject. The system model is described in
Chapter 3. In Chapter 4, we illustrate the proposed Collaborative Filtering-based content
placement and in-network caching scheme. The simulation-based performance evaluation
and results are presented in Chapter 4. Finally, in Chapter 5, we conclude the thesis and

present some tasks for future investigation.



Chapter 2: Background and Literature Review

2.1 System Architecture and Requirements

Central cloud computing has been an important part of Internet of Things (IoT) envi-
ronment by providing higher computation, control, and maintenance. However, these
advantages come with a cost. With the rapid increase and growth of IoT environments
and users (smart city, IoT, ..etc.), the demand of network resources is escalating causing
link overloading. This means a cloud computing is risking from connection dropping,
losing bandwidth, unnecessary resources consumption, latency, and most importantly, a
single point of failure. As a result, edge computing approach floated to cover some of
these limitations by promising to improve IoT with better latency handling, mobility,
locations awareness, loT greening, and higher streaming. This section is illustrating a
literature review of how the use of edge computing (with the mobile device) can overcome
three main challenges, namely connection disturbance, resources wasting, and latency, to
increase the overall network performance [18] [19, 20, 211, 22} 23], 24 3, 25].

Different systems and architectures in edge computing overcome the main common
issues in cloud computing and offer more mobility, energy consumption reduction, and
speediness. Next,a few related terminologies will be explained.

Mobile Edge Networks: Over the past few years, mobile devices have obtained
more capacities and computation capabilities. Many researchers show their interest to
make use of these mobile devices’ capacities to increase the loT performance by engaging
them in tasks execution. This simple approach proved to be a very powerful tool to move
the execution of the tasks closer to the edge [26].

Cloudlet: Cloudlet (or edge cloud) approach represents a smaller cloud near to the
edge with all control of power and storage. Despite all its possibilities, cloudlet can only

work in small or limited geographic areas [26] 2].



2.1.1 Connection Interruption

One of the main drawbacks that cloud computing faces is connection interruption. Due
to its static nature, central cloud computing limits the IoT movements, especially in the
smart city and Internet of Vehicles (IoV) context. Frequent connection dropping impacts
the IoT environments in many aspects, including wasted bandwidth, increased delay,
and increased energy consumption. However, edge computing offers a location awareness
which provides more mobility by only collecting the data itself rather than the physical
location [2, [3].

Since the connection dropping increases latency and wastes bandwidth, Wang et al.
aimed to reduce the connection dropping via edge computing in ToV. Their approach is
based on using Information Centric Network (ICN) which, unlike an IP address, is able
to easily adapt to a dynamic environment and guarantee packages delivery. They used
Named data Networking (NCN) as ICN implementation to reduce the delay in package
catching. Unlike IP address, NCN approach simply gives the packages unique names with
their source and destination. This mechanism is basically about classifying data to only
keep and store the useful ones. They kept what they consider as shareable data such as
car accident warnings and road congestion notifications, and discard all social interaction
services [26l, 27, 28].

On the other hand, some approaches such as in [2], 4] use the available mobile device
resources to minimize the connections interruption and increase mobility.

Shi et al. present a system called Serendipity to handles cases where mobility is
extremely important. The system contains only mobile devices, which can be either
an initiator or a remote computation resource. The basic idea of the system is that
mobile devices share their unused resources to overcome latency and limited resources
challenges [2] 4].

Habak et al. present a system called: Femto clouds. This system goal is to benefit
from the unused mobile device capacities by involving them into the network as a edge
node to overcome the latency problem. The system environment contains several mobile
devices connected to a control device through TCP. The control device works as a hotspot
to mobile devices [4].

Lastly, to measure the effect of resource allocation scheduling strategies with mobility,

Bittencourt et al. test three scheduling strategies with edge computing infrastructure to



support mobility. The goal of the study is to measure and compare the performance
of these three strategies based on how they handled two types of applications (delay

sensitive and delay tolerant applications) [3].

2.1.2 Multimedia Access

Multimedia content access and streaming requires mechanisms that allow content to
played on the fly while being downloaded [29, 80]. In addition, due to its store na-
ture, content streaming mechanisms allow users to download and play content at any
time, not necessarily live. Multimedia content represents a significant fraction of to-
day’s network traffic and the trend is only increasing with the emergence of the dif-
ferent wireless networking technologies (e.g., vehicular networks [31], sensor/IoT net-
works [32], 33, 34] 35 36, 37]). With such an increase in network resource demands,
network service providers are being faced with several key challenges crucial to fulfilling
the upcoming data rate needs, so that high quality of user experience is maintained to the
users over wireless networks, thereby prompting the development of new wireless tech-
nologies (e.g. MIMO [38, B39], DSA [40} 41, [42] and many others) to address challenges
like shortage in spectrum supply, user mobility, and interference mitigation.

As a result, quality of user’s experience for mobile content streaming has received
considerable attention from the research community. For instance, [43] proposes rate
adaptation and scheduling solutions for video multicasting when some users in a given
region are interested in viewing the same content at the same time. [44] discusses video
streaming quality when streaming over wireless networks. [45] [46], 47| study video stream-
ing over vehicular networks. For instance, [46] proposes EUDP, which unlike UDP, uses
Sub-Packet Forward Error Correction, and adopts the unequal protection of video frame

types to enhance video quality.

2.1.3 Smart City

Key challenges have arisen that need to be overcome to be able to support various new
smart city applications that are unique in their requirements and characteristics, in terms
of numbers, amounts of needed bandwidth, network connectivity, etc. These challenges

have called for the development of innovative techniques and technologies across the



board, ranging from wireless access (e.g., cognitive radios [48], 49, 50, 1], 52, 53] (4L, H5
56l 57, 58], 59, [60], 611, 62, 63), [64), 63], 66, 67, 68, [69] [70, [71] [72], MIMO |73 [74], 9], and
spectrum access |79, [76l, (77, [78, [79, [79], 8(]) to edge cloud computing and networking
(e.g., fog computing [81] 82| 83, 25 84 R5] and in-network caching [6 @, §]), with the
ultimate aim of improving end-to-end latency, enhancing spectrum resource efficiency,
and reducing traffic congestion. City resident populations have also been increasing at a
rate of nearly 60 million per year. By 2050, it is projected that more than 2/3 of the pop-
ulation worldwide will be in urban cities E As urban cities are getting densely populated,
providing network speeds that can meet the unprecedented demands is becoming more
challenging. Sending and receiving data between end-users and central cloud computing
faces the threat of delay, especially with the rapidly growing number of end-users [2], [86].
Shi et al. introduce a comparison between three cloudlet-assisted edge computing archi-
tectures to measure their performance in the matter of reducing delay and latency in a
real-time application [2]. Mtibaa et al. create a hyper system where the mobile device
can offload tasks to traditional cloud computing, Cloudlets, or locally. The execution of
the tasks depends on the tasks requirements and the available resources [86].

Therefore, it is important to leverage new emerging networking technologies such
as in-network caching and edge cloud computing to enable fast and efficient access to

network services to improve the overall experience of city users.

2.1.4 Energy Consumption

In central cloud computing [oT, the senses communicate with the server in order to
request resources such as storage or power. The server then sends these requests to the
cloud datacenter to process and send the requested resources to the senses. Going back
and forth costs the network bandwidth and increases the delay. In addition, part of the
energy is wasted during transmission. Using a small power source (Microgrid) close to
the edge computing promise to enhance the power consumption [87, 2] 88].

Serendipity system [2] has many goals, and one of them is energy awareness. The
system aiming to decrease the energy consumption since it basically relays on mobile
devices which has limited battery power. The idea of the system is that mobile devices

balance between accomplishing their assigned tasks and keeping their energy as long as

'World population data sheet: http://www.prb.org/


http://www.prb.org/

possible. In order to do so, the system establishes a utility function illustrating the energy
consumption for all nodes in the range, and how much residual energy these nodes have,
therefore, enhancing tasks assignment decision.

Jalali et al. propose power consuming reduction technique that combines edge com-
puting and microgrid system. The paper describes how minimizing the need to request
resources from the central grid decreases the energy consumption in IoT application. The
paper conducted a literature survey comparing between cloud and edge computing energy
consuming to underline the main factors which impact the energy consumption [88].

Energy consumption is the main scope in [87], where the authors addressed the
problem of connection dropping in mobile ad hoc networks (MANET), which leads to
wasted energy. Their proposed framework uses the fog computing principles and consid-
ers MANET with D2D connection and cloudlet as a datacenter. This framework increases
MANET mobility, where end-users can move and restore their needed services instantly,

at the same time, minimizing the energy spending [87].



2.2 Collaborative Filtering

Collaborative Filtering (CF) has been adapted by many large corporations such as Netflix,
Amazon, YouTube etc. Anticipating what users might like and offer it before they ask
for it is proven to be successful in terms of advertising, user satisfaction, and most
importantly, minimizing latency [27]. CF can be defined as the technique of predicting
users’ behaviours based on deducing a pattern in their previous behavior using different
data sources. CF relies on two methods to predict users’ interest: User-Based and Item-
Based Collaborative Filtering [89], 90, 911, 92, [93].

e User-Based Collaborative Filtering(UB-CF): In this type of CF, prediction
is based on finding users with similar preferences, and the process consists mainly
of grouping users with similar preference, see Table After that, the items which
are more frequently requested or highly rated by the users in that group will be
suggested to the users in the same group who did not request it yet. The similarity
here is observed and measured by users’ responses and actions to a set of items.
The rating or, in some cases, number of requests will be treated as a weight in the
similarity calculations [94], 95] 96, 97, [O8].

e Item-Based Collaborative Filtering(IB-CF): Contrary to UB-CF, Item-Based
Collaborative Filtering compares between items instead of users, see Table
These items might be files that users rated or requested. The similarity in IB-CF is
mainly based upon measuring how many features these items share. Item Features
or attributes capture the properties of the items; for e.g, Genre could be used to
capture movies’ attributes. In this type, unlike UB-CF, each user will be considered
individually using their own datasets [94], 95, 96l 97, 98],

Both approaches have their strengthens and weaknesses; however, a hybrid ap-

proach of Collaborative Filtering will overcome the weakness of each type.

Similarity Measure: Various algorithms and mathematical formulations have been in-
troduced for applying Collaborative Filtering. The choice of the method or mathematical
formulations depends on the nature of the available dataset [I]. Based on [I], Table
compares different popular similarity measures by illustrating their strength and weak-
ness, Where 74, denotes the number of requests/ratings-value user A made for item i,

and [ is the total number of co-rated/co-requested items.
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Table 2.1: User-Based Collaborative Filtering.

Users / Files | F1 | Fo | F_ | Fi | F. | Fy

= O Q| W =

Table 2.2: Item-Based Collaborative Filtering.

Users / Files | F1 | Fo | F. | Fi | F. | Fy

|| O Q| W

Table 2.3: Similarity Measure [1].

Similarity Measure Equation Strengths ‘Weaknesses
Cosine Coefficient sim(A, B) = 3 Consider the absolute value of the index Neglect the user preference
- \ - . > —A)(Bi—B) . . R
Pearson Correlation Coefficient. | sim(A, B) = —==Lo o~ Consider the user preference product a misleading results
Sl (Ai—A)2(Bi-B)?
Mean Squared Difference sim(A,B) =1— z’“('ff’f'”) Consider the absolute value of the index Neglect the item feature «
Jaccard sim(A, B) = f:‘af” Consider the item feature Neglect the absolute value of the index 4
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2.3 In-Network Caching

2.3.1 Proactive Caching

In last few years, many papers discussed prefetching contents as a way to improve net-
work performance. Prefetching is a promising solution to improve the cache hit ratio,
minimizing network traffic congestion, decreasing bandwidth consumption etc. Some ap-
proaches purpose pre-fetching popular items. For instance, in [§], Abuhadra et al. used
hybrid approaches combining proactive caching and prefetching contents, where proac-
tive caching proposes fetching the most popular contents in the local base station in a
proactive fashion, and the prefetching is fetching content (e.g. video), in advance, to the
next base station that users are expected to be connected to in their path. This approach
is built on high mobility networks where the user connection time to one base station is
very low [8] [11,199], leading to frequent cell handovers. In [9], Sinky et al. also used hybrid
approaches of popularity and cooperative content caching where the decision of caching
a content is shared within the cluster cloudlets. The analysis of cloudlets states, such as
the available resources, and the content popularity have been taken into consideration

for the caching decision [9].

2.3.2  Clustering

Clustering refers to grouping ’similar’ data points in the same cluster. Determining the
correct clustering method depends on the goal of the clustering and the nature of the
dataset. There are several clustering algorithms that each having its weaknesses and
strengths [100], [T01].

2.3.2.1 Hierarchical Clustering

Hierarchy Clustering initially assumes that each data point is a cluster by itself, then,
depending on the goal of clustering, groups numbers of data points into one cluster. In this
method, the number of clusters can not be controlled. Sinky et al. [9] used Hierarchical
Clustering to form multiple communities of cloudlet datacenters. The paper clusters
cloudlets based on distance between the cloudlets and the server. The main purpose

of the cluster is to allow in-network caching where the cloudlets can access other cache
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content within the cluster; therefore, it maximizes the possibility of finding the content in
a Neighbors cloudlet rather than fetching it from the core network, consciously, improving

number of cache hits and back-haul delay [9].

2.3.2.2 Partitional Clustering

On the other hand, K-means clustering starts with a certain number of clusters and
adds data points to the cluster with the closest centroid value. That means the optimal
number of cluster should be determined before applying the clustering. Niu et al. in [I]
established K-means clustering to find the similarity between base stations based on
the number of requests to certain set of files. The goals of the paper are: find the file
popularity within the cluster, and predict the BS future requests by using the history of
requests of other base stations within the cluster, user-based CF [I1J, 102].
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Chapter 3: System Model

As shown in the Figure a three-tier network architecture covering and serving a highly
dense urban area is considered in this work, where the top layer of the architecture is the
core network where the content/database/library server resides. This server also keeps
tracks of all access history from the various cloudlets that it serves. The middle (or
distribution) layer is composed of a number of cloudlet data centers (CD), with each CD
being associated with a number of end-users/devices. The set of end users constitutes the
access (bottom) layer of this architecture. Throughout, we use R to denote the number of
CDs, with the set of CDs being CD={CD{,CDs,..,CDg}, and N to denote the number of
users, with the set of users being U={U;,Us,..,Ux}, with users having diverse preferences
and interests. The library/database contains a set F of Q files, F={F,F,...Fq}, where
all files in the library have the same size of L Mbits. We assume that each file has a
set A of I attributes, A={A1,As,..,Ar}, with each attribute representing/capturing some
feature. For e.g., if the files represent movies, then attributes could represent the Genre
of the movies, i.e., horror, drama, comedy, etc., with each moving having an index value
(between 0 and 1) for each Genre. For instance, a horror movie with lots of scary action
scenes may be assigned larger index values for its Horror and Action attributes.
We now introduce two tables: CD features Table 3.1l and File features Table [3.21

Table 3.1: CD features.

Cloudlets/Features | A1 | A2 | A | Ap
CD;
CDy
CD .
CD;
CD.
CDg
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Table 3.2: File features.

Features/Files | 1 | Fo | F_ [ Fj | F. | Fq
Ay
Ao
A
Ap

For each file and each CD, the sum of all values of the attributes is equal to one.
That is, ZJI‘:1 A; =1 for every file and for every CD.

To obtain the number of times cloudlet CD; requests file Fj, a history of request Table
B.3] REQ, is created, with the i x j entry being calculated as:

CD; - F;
REQij = —F— <1 (3.1)

where C'D; represents a row in Table and F} represents a column in Table Alter-
natively, from a practical viewpoint, REQ can also be updated through history by setting
REQ;,; to the fraction of times file j is requested by CD i among all file requests. Note
that the history of requests, REQ, will be used later to decide for content placement.

Table 3.3: REQ: History of Request

CD/file [ F, | Fy | F. || F. | Fq
CD,
CDs
CD..
CD;
CD.,
CDg

We assume that each CD is equipped with a cache of size S, with

Sm = Library x n (3.2)
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where 7 is a tunable parameter representing a fraction between 0 and 1, and Lebrary is the
total capacity of the database. We consider that the cache size is divided into two halves:
One half, S,4nr = Sm/2, used for caching content based on CDs’ local popularities, P
for each CD.

Srank contains a set of the M most popular files, Fy,... Fy, with Fy being the most
requested file, Fo being the second most requested file, and so on. The ranking of these
files depends on the P value, where Pop, F,, represents the popularity of Fy, in cloudlet
CD;. The value of P is obtained from the history of requests. The second half of the
cache, Sgim = (1 — Spank), is used for caching H files based on item-based collaborative
filtering (CF), which will be further explained in Chapter |4} In these two cache spaces,
cache placement is assumed to be done during the off-peak hours.

All CDs are clustered into C clusters, CLS={CLS;,CLS;,.. CLS¢}. How to determine
the optimal number of clusters, C, as well as which clustering algorithm to use will be
explained in Chapter



Figure 3.1: System model
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Chapter 4: Hybrid Collaborative Filtering Based In-Network Content

Placement and Caching

4.1 CD Clustering

Using the entry of history of request Table REQ, whose entries are given in Eq.
K-means clustering is applied to group the cloudlets into C clusters. We use the Cosine
distance metric, as defined in Eq. to model the distance between any pair of cloudlets,
CD; and CD;j. Cloudlets within the same cluster tend to have distance values that are
close to 0, whereas distance values of those dissimilar cloudlets will be close to 1. Finally,
a zero value means that the cloudlet is located exactly in the middle of two clusters. In
the following Eq, REQ; , denotes the number of request that C'D; made for Fy,.

>y REQimREQjm
L R S0 (R,

In this section, we illustrate how the optimal number of clusters was achieved. To

dist(CD;,CDj) (4.1)

determine the optimal number of clusters, there are multiple existing methods, such as
elbow and Silhouette methods, that can be used. In this thesis, we used Silhouette
coefficient [103, [104] as the metric for deciding how well the clustering method is. The
Silhouette coefficient measures how much a certain observation fits to its cluster. As
the average silhouette coefficient value gets closer to one, it implies how well these data
points lie within its current cluster. To obtain the optimal number of clusters, the average
silhouette coefficient is calculated for every possible number of clusters, and the one
with the highest average silhouette coefficient value is chosen. Figure illustrates the
different silhouette coefficients for 2 to 8 clusters, and Figure shows the observations
within the cluster [103], 104].
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4.2 CD Caching

Each cloudlet CD; contains its own cache space Sy,. Recall that content placement in
Part-I of Sy, is based on the local popularity of the files. But part-1I of Sy, contains the
files with the highest probability to be requested in the future. In this part, item-based
CF is implemented and works as follows. First, using Cosine Coeflicient as expressed in
Eq. a similarity index between any pair of files, F; and F}, is calculated [94].
I
sim ) = [ = e (42
A S (R Y (Fay)?

where again F; and Fj are the ith and jth columns File feature Table[3.2] and a is the ath

feature of I total number of features. Unlike Cosine distance metric, Cosine Coeflicient

has the value 1 when the two files are identical, and the value zero when they are not
sharing any properties. As shown in Table [f.I} we assume that the similarity index

between the same file is zero; that is, sim(Fj;, F;) = 0 for all 4.

Table 4.1: File Similarity.

Similarity | F1 | Fo | F. | B | Fi | F.. | Fq
F, 0

Next, using Tabld3.3] and Tabldd.I] we construct a file prediction Table PRE,
whose entry PRE; ; is calculated as [94], 95]:
Q/
PRE;;= Y sim(Fy, Fj)REQ;y (4.3)

k=1,k#j

where @’ represents the set of all the files requested by CD;. Here, the higher the value
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of PRE; ;, the more likely that CD 7 will request file j in the future. We want to mention
that in our simulation evaluation presented in Chapter [5| the prediction value provided
by Eq. was normalized by dividing it by the sum of the similarities between the
considered file and all the other files.

Table 4.2: PRE

CD/file [F, [ Fy | F. | F | F. | Fq
CD,
CD,
CD.,
CD;
CD.,
CDgr

4.3 File Downloading Scheme

Each cloudlet CD; will have its own cache content, and we assume that the number
of cloudlets is large enough to cover the residential area, and the communication time
between the users and the cloudlet is large enough to deliver the requested contents to
the users. Assume that each user U, will be associated with one cloudlet CD;, which
is typically the nearest one to it. Now considering that U, (associated with CD;) is
requesting file F,, first, CD; will be checked whether it contains F,, in its local cache. If
F, is available, it will be delivered to U,,. Otherwise, CD; will search for the file within
all CDs belonging to its cluster, CLSp. If F, is founded within the cluster, it will be
delivered to U, without fetching it to the local cache. Otherwise, if F, is neither in
CD; nor or in any CD in CLSp, the file will be requested and downloaded from the core
network library, and the fetched file will replace the least requested file in CD;’s local
cache. The searching algorithm is illustrated in Algorithm [I}

In this work, the likelihood of requesting files by users generated based on the history
of request Table [3.3] Each user is assumed to stay connected to the same cloudlet for a
duration that is long enough to allow full content delivery [105] [95].
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Algorithm 1 Searching for F;

Input: CD;,x
Output: F,
if C'D; request F, then
(Sranky Ssim) < Check
if Check # 1 then
(Cls,) < Check, CD; € CLSp
if Check # 1 then
CNLibrary < Check
return F,
else
return F,
end if
else
return F,
end if
end if
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Chapter 5: Performance Evaluation

5.1 Simulation Setup and Methodology

In this section, we evaluate the proposed Collaborative filtering-based in-network content
placement and caching by comparing it to the existing CF and the base-line approaches.
We used MATLAB for the simulation. The system contains different numbers of cloudlet
with different cache capacities. It has 2000 users in low mobility network, where we
assume to have connection time that is long enough to transmit one file before the users
change their locations. We also assume that all cloudlets are connected to one server
where it is located outside the area and the distance between the server and all cloudlets
is 100 kilometers, and the searching time within the cluster is neglectable. The core
network contains a library with 10000 files, which will be cached based on a certain
method explained in Chapter [dl It also contains the history of requests for all cloudlets.
The system parameters are described in Table [5.1]

Table 5.1: System Parameters

Parameter Value
Number of users 2000
Number of cloudlets 16;32;64;128;256
Number of files 10000
Number of attributes 4
Local cache size 20%,30%,40%.,50%
Back-haul link capacity 10 Gbit/s
Front-haul link capacity 1 Gbit/s
File size 30 blocks= 15 Gbits/s
Block size 0.5 Gbit/s
Number of Clusters 4
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5.2 Performance Metrics

In order to evaluate the performance, we investigate how much the proposed approach
impacts the network performance in three different aspects: Hit ratio, overall delay and

Back-haul congestion. The three performance metrics are described as follows:

1. Hit Ratio (HR): In this thesis, three different hit ratios are calculated: (1) In-Cache
hit ratio: calculates number of times a requested file is successfully found in the
local cloudlet cache. (2) In-Cluster hit ratio: number of times a requested file
is successfully found within the cluster. (3) Overall Hit ratio: the summation of
In-Cache and In-Cluster hit ratio [105].

Number of hits

Hitratio = 5.1
Total number of requests (5:1)
The improvement will be measured as:
Existi hpr — P d h
TOtalHR Improvemenﬁ _ Tisting approacnygpr roposea approacnygpr (52)

max{Proposed approachyr, Existing approachyr}

The improvement value ranges from -1 to 1, where value closer to one means positive
improvement. A zero value means no improvement at all, and as the number gets

lower than zero, it means negative performance.

2. Back-haul network congestion (BHC): To avoid a bottleneck, the back-haul link us-
age must be minimized. In this thesis, we are interested in doing that by prefetching
content in the local cache. To measure how successful is the proposed approach in
avoiding a bottleneck, we will measure the Back-haul delay. The Back-haul delay
is calculated every time the a requested file is not found locally, in local cache or
within a cluster, and fetched from the core network library. This will allow us to
see the impact of the proposed approach on network traffic and contribution to the

bottleneck problem.

Existing approachppc — Proposed approachpgc

Total Improvement =
BHC AP max(Proposed approachppc, Existing approachppc)

(5.3)
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Again, the value of improvement will range from -1 to 1 Eqj5.2

3. Total delay (Delay): The total delay measures how long it takes from initiating a
request until the requested data is delivered. This delay includes the time used to
find out whether the file is found locally, within cluster or fetched from the core

network using Back-haul link. So:

TotalDelay = Fronthauldelay + Backhauldelay (5.4)

Front-haul delay calculates the time required from requesting a file to check whether
it is available locally, in the local cache or within the cluster. If the file is found
locally, the Back-haul delay will be equal to 0, otherwise, the Back-haul delay will
be calculated accordingly.

The improvement will be measured:

Existing approachpeiay — Proposed approachpeiay

Total Improvement =
Delay 1P mazx Proposed approachpeiay, Existing approachpeiay

(5.5)
Again, the value of improvement will range from -1 to 1 Eqj5.2

5.3  Simulation Results

We compared the performance of the proposed approach with other current approaches.
For the base-line approach, the clustering is based on the physical distance between the
cloudlets, where the cloudlets that are near to each other are most probably to be grouped
in the same cluster. Content placement in the local cache follows zipf distribution, which
means all cloudlets have the same content. The second exiting approach is the CF-based
approach [11]], in which clustering the cloudlets is based on their history of requests, REQ.
Within each cluster, the history of requests will be in descendant order. The content
with the highest number of requests will be at the top of the rank. In this approach,
cloudlets within a cluster will have identical content in the first part of the cache. The
second part will contain the files with highest prediction values, user-based CF. The file
prediction value will be measured using similarity coefficients, between cloudlets [11], and
the decision of caching is dependent on the value of P; for more details, see [I1]. In both

systems, K-means clustering is applied.
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The simulation yielded very positive outcomes. The results of each performance

metric will be presented and analysed separately.

5.3.1 Hit ratio results

In case of overall hit ratio, the following three Figures [(5.1]5.2] and [5.3] illustrate that
the proposed approach outperforms the other approaches across different numbers of
cloudlets. It can be seen clearly that the increment of cloudlets number has a positive
impact on the proposed and the existing CF approaches. However, with different cache

sizes, the overall hit ratio for all approaches is affected positively.

;
I Existing CF i

HlBase-line g
[IProposed 1

I
o

I
o
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w

Overall Hit ratio

o
)

o
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o

0.2 0.3 0.4 0.5
Cache size

Figure 5.1: Overall hit ratio with 32 cloudlets

From Figure [5.1] for all different cache size values, the proposed CF is higher than
both the base-line and the existing CF approaches. A steady progression is observed.

Through all cache capacities, the hit ratio increases in the same rate for all approaches.
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Figure 5.2: Overall hit ratio with 128 cloudlets

When comparing the 32 cloudlet scenario with the 128 cloudlets, the proposed CF
approach accomplishes better hit ratio by expanding the performance gap. Likewise, the

progress through the cache capacities is stable.
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Figure 5.3: Overall hit ratio with 256 cloudlets

Similar to the 32 and the 128 cloudlets, Figure [5.3] shows that the 256 cloudlets
keeps a steady distance with the other approaches across all cache sizes. However, the
performance gap is larger between the proposed approach and the other approaches. That
means the increment of the numbers of cloudlet increases the overall hit ratio. For all the
figures, the base-line hit ratio is not affected by the number of cloudlets, since cloudlets
content in this approach is identical, thereby eliminating the possibility of the In-Cluster
caching. Another observation is the hit ratio improvement between the base-line and the

existing CF approach is narrow, especially with 50% cache size.
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Next, the Figures, (-4 and [5.5] illustrate the overall hit ratio gain over the current
existing approaches with 20% and 50% cache size.

0.6
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Figure 5.4: Overall Hit ratio gain for 20% cache size

T T
Il Gain over Existing CF
0.3 HElGain over Base-line

0.25

0.2r

0.15

0.1

0.05
0 16 32 64 128

Cloudlet Number

Hit Ratio

256

Figure 5.5: Overall Hit ratio gain for 50% cache size

Generally, the increment of the numbers of cloudlets affects the hit ratio gain pos-
itively. In the Figure the gain over the base-line approach to the proposed one is
noted. On the other side, the gain over the existing CF is less compared to the base-line
approach. However, with the 32 and the 64 cloudlets, the gain over both approaches is al-
most the same. In the same way, the number of cloudlets has a beneficial impact. We can
see that with the 64 cloudlets, the gain from the existing CF approach declined slightly.
With the 256 cloudlets, the proposed approach achieved the highest gain with 50% im-
provement from the base-line approach and 45% from the existing CF approach. The
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Figure [5.9 shows a surprisingly higher gain over the existing CF compared to the base-
line approach, except with the 64 cloudlets. This indicates that increment of the cache
capacity has negative influence on the existing CF approach. Thus, the 256 cloudlets is
the best numbers of cloudlet for our proposed CF approach, and 20% cache size had the
highest gain in hit ratio.

To answer the first and second research questions, the In-Cache and the In-Cluster

hit ratio results will be presented next:

0.3 T —
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[IProposed —
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0.1 1
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L B B B

0.2 0.3 0.4 0.5
Cache size

Figure 5.6: In-Cluster Hit ratio

The Figure [5.6] proves that the proposed in-network caching is successfully imple-
mented. As expected, the base-line has 0% In-Cluster hit ratio, due to the uniform
cache content. Moreover, the existing CF hit ratio is less than 20% compared to the
proposed content placement method, since within the cluster cloudlets, in the existing

CF approach, share 50% identical content.
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Figure 5.7: In-Cache Hit ratio

Figure illustrates that our approach achieves lesser In-Cache hit ratios compared
to the other two cases. Through all cache capacities, the existing CF outperforms the
remaining approaches, yet with 50% cache space, the base-line approach has the highest

hit ratio.

5.3.2 Back-haul results

The impact of CF-based content placement and in-network caching on back-haul con-
gestion is illustrated next. The Figures 5.8 [5.9] and [5.10] display how the number of

cloudlets reflects on the back-haul delay congestion:
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Figure 5.8: Back-haul delay with 32 cloudlets
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Throughout all three numbers of cloudlets, a pattern is observed: expanding the
capacity of the local cache is decreasing the back-haul delay. Also, for the base-line
approach, back-haul delay is relatively the same for all the numbers of cloudlet. For
the existing CF approach, level of delay improvement is negligible, however, a slight
enhancement is noted with the 128 cloudlets. Surely, the proposed approach outperforms
all other approaches with different numbers of cloudlets and cache space values. The
progress of back-haul congestion is rapid with larger cache space and more number of
cloudlets as a result of gaining access to larger In-Cluster contents.

The following Figures present the impact of storage capacity on back-haul congestion.
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Figure 5.11: Back-haul gain for 20% cache size
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Figure 5.12: Back-haul gain for 50% cache size

For both cache capacities,20% and 50%, the proposed CF approach back-haul con-
gestion is bigger with various cloudlet numbers. From the Figure the gain over
the base-line always outsizes the existing CF system. With the 32 and the 64 cloudlets,
the improvement is limited. For the existing CF, the improvement is sudden from the
16 to the 32 cloudlets. In the Figure [5.12] the gain is greater with all storage sizes.
For all numbers of cloudlets, the improvement from the base-line is greater compared
to the existing CF approach, except with the 16 cloudlets. Thus implies the base-line
approach is performing better with the 16 cloudlets than the existing CF approach. In

total, back-haul congestion enhances with larger cache memory space.
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5.3.3 Overall delay results

In case of overall delay, the Figures [5.13] [5.14], and [5.15] illustrate the delay behaviours

based upon number of cloudlets.
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Figure 5.13: Overall delay with 32 cloudlets
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Figure 5.14: Overall delay with 128 cloudlets

Comparing between the 32 and the 128 cloudlets, with cache size 30% and 40%, the
base-line delay remain the same. Also noted that with the 50% cache size, the existing
CF approach delay did not change. One the other side, our proposed CF approach shows

rapt delay reduction with the increment of cache size and cloudlet number.
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Figure 5.15: Overall delay with 256 cloudlets

The scenario with 256 cloudlets shows further delay reduction for the proposed ap-
proach compared to the other approaches. For the existing CF approaches, the delay is
better with the 32 cloudlets than with the 128 and the 256 cloudlets. For the base-line
approach, the cache capacity influences the performance, in terms of delay, positively.
As shown, the proposed approach is scorning less overall delay compared to the other
schemes.

Next, the Figure[5.16]and p.I7jllustrate the results of cache capacity on the percentage

of gain.
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Figure 5.16: Overall delay gain for 20% cache size
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Figure 5.17: Overall delay gain for 50% cache size

From both approaches, the gain is always positive with all the ranges of the numbers
of cloudlet and cache capacities. It can be clearly stated that, based on the two Figures,
larger cache space increases the gain. Similar to Figure[5.12] the Figure with the 16
cloudlets, the base-line approach performs better than the existing CF approach. Except
with the 16 cloudlets, the proposed approach performs better with higher cache space.

In all performance metrics, the proposed approach evaluation results are better. It
has been observed that the increment in the numbers of cloudlets impacts the CF-based
in-network content placement and caching positively. Nonetheless, In-Cache hit ratio for
the proposed approach is less compared to the other two approaches. This means that
item-based CF was not as successful as anticipated. Moreover, it means that the positive
overall hit ratio results are due to the In-Cluster hit ratio. Hence a larger number of
cloudlets within a cluster means a larger accessible cache content. That will maximize
the possibility of a hit; therefore, the overall performance will respectively progress.

For the existing CF approach, the In-Cache content was accurately placed; however,
this will serve only the local cloudlet users and not the users within the cluster. Yet,
the proposed approach optimized the network performance by increasing the overall hit

ratio, minimizing the back-haul traffic and overall delay.
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Chapter 6: Conclusion and Future Work

In this thesis, we explore and examine the effect of Collaborative Filtering-Based in-
network content placement and caching on network performance. The framework used
multiple techniques, such as clustering, user-based CF, and item-based CF, to increase
the accuracy of content prediction and prefetching. The proposed approach yielded very
promising results in reducing overall network delay, increasing the hit ratio, in addition
to alleviating congestion bottlenecks at backhaul links. Moreover, we found out that
item-based CF did not give an accurate prediction, thus requiring further investigation
and study.

For future work, there are several considerable vulnerabilities. First, finding a bet-
ter way to implement the concept of item-based CF, and identifying possible applica-
tion’s misconduct. In addition, our findings could possibly be improved by implementing
machine learning with the proposed Collaborative Filtering-Based in-network content
placement and caching. We believe that Machine learning can enhance item-based CF
accuracy. Finally, mobility needs also to be addressed to cope with the era of mobile

devices, such as smart phones and other hand-held wireless devices.
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