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ABSTRACT 

 

Watching television and video content is changing towards online viewing due to the 

proliferation of content providers and the prevalence of high speed broadband. This trend 

is coupled to an acceleration in the move to watching content using non-traditional 

viewing devices such as laptops, tablets and smart phones. This, in turn, poses a problem 

for the viewer in that it is becoming increasingly difficult to locate those programmes of 

interest across such a broad range of providers. 

In this thesis, an architecture of a generic cloud-based Electronic Programme Guide (EPG) 

system has been developed to meet this challenge. The key feature of this architecture is 

the way in which it can access content from all of the available online content providers 

and be personalized depending on the viewer’s preferences and interests, viewing device, 

internet connection speed and their social network interactions. Fundamental to its 

operation is the translation of programme metadata adopted by each provider into a unified 

format that is used within the core system.  This approach ensures that the architecture is 

extensible, being able to accommodate any new online content provider through the 

addition of a small tailored search agent module. The EPG system takes the programme as 

its core focus and provides a single list of recommendations to each user regardless of their 

origins. 

A prototype has been developed in order to validate the proposed system and evaluate its 

operation.  Results have been obtained through a series of user trials to assess the system’s 

effectiveness in being able to extract content from several sources and to produce a list of 

recommendations which match the user’s preferences and context. 

Results show that the EPG is able to offer users a single interface to online television and 

video content providers and that its integration with social networks ensures that the 

recommendation process is able to match or exceed the published results from comparable, 

but more constrained, systems. 
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Chapter One 

1.1 Introduction 

Nowadays, watching television has become a daily part of our digital lives. However, 

television viewing has seen a switch from the traditional linear viewing of broadcast 

content to time-shifted or on-demand online viewing. The online consumption of 

television and video content through the Internet has grown significantly through the use 

of computers, mobile phones, tablets and other devices. The term online video is general 

and refers to all video content available over the Internet. It is more general than IPTV or 

Internet TV. IPTV is the delivery of programming by video stream encoded as a series of 

IP packets and it is end-to-end service which is distributed by a service provider. Although 

IP (Internet Protocol) is included in its name, it just refers to the method of sending the 

encoded video stream over a secure and managed network. It differs from Internet TV 

which is generally available content distributed over the Internet which can be accessed 

wherever a broadband connection exists. To understand the difference between those two 

systems, it is better to compare them based on some of distribution and services features 

such as geographical limitations, service access, image quality, content and charges. IPTV 

can only deliver its services over networks that are belonging to telecom operators. 

Therefore, it is only available where these companies have installed networks. On the other 

hand, Internet TV is based on the Internet; therefore, it is available wherever a broadband 

Internet connection exists. Additionally, IPTV requires a decoder box (set-top-box) and 

contract with the service provider to access its services while Internet TV follows the 

Internet access rules and the content are free. Moreover, the image quality could be 

guaranteed by IPTV providers while for Internet TV it depends on the quality of 

connection. Furthermore, the content over Internet TV is either user-generated content or 

traditional television via the Internet while the IPTV content is completely controlled by 

the companies that offer the service and provides broadcast television content and movies 

supplied by the established media companies. 

On the other hand, the online video is more general than Internet TV. Online video content 

providers include major broadcasting networks, film studios, Over The Top (OTT) service 

providers and television channels together with user-generated content. Moreover, online 

TV can include broadcast pay-TV or TV everywhere that provides the subscribers with TV 
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channels besides the Video on Demand (VoD) content. However, VoD refers to a feature 

provided by the online content providers and companies to enable the users to select and 

watch video content from a server at any time. This content could be watched on television 

or computer’s screen and it is available for users who have the authority to access the 

providers’ server. It is always pre-paid service or accompanied with another service such 

as IPTV or pay-TV. 

Viewing content online offers many advantages such as an increase in the variety of 

content providers, accessing video-on-demand at any time and a more interactive and 

personalized experience due to the ease of sharing content through online channels. In 

2016, the Pew project reported that 72% of Americans used some type of shared or on-

demand online service (Smith, 2016). On the same topic, a separate report stated that the 

number of users that watched or downloaded video online was 71% of Internet users 

(Bondad-Brown, Rice, & Pearce, 2012). Moreover, according to a study by Hub 

Entertainment Research, time-shifted viewing accounts for 53% of the total viewing 

amongst those who have broadband Internet and spend at least five hours watching 

television per day. This ratio rises to 61% for those who are between 16-34 years old 

(Taylor, 2015). 

Research published by Ofcom (the Government-approved regulatory and competition 

authority for the broadcasting, telecommunications and postal industries of the United 

Kingdom) in 2016 also supports this trend. Their research showed that 74% of UK adults 

have viewed an on-demand or online service in the past 12 months as shown in figure 1.1. 

Furthermore, the figure shows that there is an increase in viewing the on-demand and 

online service in all age levels for both genders comparing with the same set of data 

gathered in 2014 (2014’s data has shown to the right side of the figure). Moreover, the 

research showed that 50% of young people in the UK are no longer watching live TV 

(Ofcom, 2016, Dawes, 2015). 

Online OTT content providers such as Netflix, Amazon and YouTube now have a massive 

number of subscribers. As an example, the average number of unique YouTube users per 

month in the US is more than 167 million users. These providers can often offer more 

choices to their subscribers for watching movies and TV shows/series that are not available 

on cable, satellite or terrestrial TV. These services are attractive to viewers for which the 

scheduled live broadcast time is inconvenient and thereby facilitate the option for time-
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shifted and on-demand viewing. An example, there are more than 57 million people across 

50 countries who have a Netflix subscription. Moreover, more than 2 billion hours of TV 

shows and movies are streamed by Netflix to their subscribers every month  (Bing, 2015). 

 

 

 

Fig. 1.1 Proportion of Adults who Using On-Demand and Online Service in the UK 

(Ofcom, 2016) 

 

This wide spread and growing consumption of online video content is coupled to an 

acceleration in the move to watching television content using non-traditional viewing 

devices such as laptops, tablets and smart phones. Currently 57% of young people in the 

UK who are between 16-24 years old now watch on-demand and catch up programmes on 

their computers and smartphones rather than on TV connected to a set-top-box whilst 45% 

watch on their smartphones. Moreover, 42% of them watch short videos from services 

including YouTube (Ofcom, 2015). This trend has, in turn, led content providers to invest 

in advertising their services via social networks. It is now common for programmes and 

channels to encourage their viewers to follow and interact through social networks such as 

Twitter and Facebook. That level of interaction then turns television watching into a social 

experience where viewers can share their opinions and thoughts in real time whilst 

watching. An interesting study by Yahoo advertising in 2014 showed that 86% of users 

who have Internet access through their smart phones used their phones whilst watching 
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television and 25% of them said that they had browsed for relevant content related to what 

they were watching (Holanda, Guilherme, da Silva, & Goussevskaia, 2015). 

According to the previous studies, social TV and consumption of online video content 

have become an important part of people’s digital lives. Although there is much research 

about online viewing, little of it has focused on providing search and recommendation 

services for online viewers. A study by Lee claimed that online video services were 

displacing other media such as cable TV and showed that the time spent accessing online 

video services reduced the time spent with conventional, linear TV viewing. Hence, the 

implication being that watching online video will replace alternative modes of delivery in 

the course of time (Lee & Lee, 2015). The Ofcom Communication Market Report 2016 

(Ofcom, 2016) also supported this claim which showed the decreasing reliance on live TV 

as a function of age, with the younger age group accessing more on-demand services as 

shown in figure 1.2. 

 

 

Fig. 1.2 Proportion of Time Spent Watching, attributed to activities, by Age Group 

(Ofcom, 2016) 

 

According to a report published in YouTube about the statistics at the end of 2016, 

YouTube was receiving more than 900 million unique visits every month (YouTube, 2016, 

STATS, 2017).  In 2015, users were spending an average of 1 hr 55 mins in watching 
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online video each day and only 1 hr 44 mins on social networks. Table 1.1 shows how the 

average time spent per day on different online activities by US adults has changed between 

2011 and 2015 (Walgrove, 2015). This wide spread consumption of online video content 

and the large number of video content providers makes finding content that is of interest to 

the viewer less easy and consequently increases the risk of missing a vital item. 

 

Activity 2011 2012 2013 2014 2015 

Online Video 00:39 01:03 01:22 01:39 01:55 

Social Networks 01:11 01:28 01:36 01:39 01:44 

Digital Radio 00:53 00:55 00:56 01:00 01:05 

Facebook 00:30 00:33 00:35 00:38 00:40 

 

Table 1.1. Average Time Spent per day on Different Online Activities (hrs:mins) 

(Walgrove, 2015) 

 

Moreover, many research investigated the ability of watching online television content 

using different types of devices such as smartphones and tablets. Cisco predicts in their 

research that consumer online video traffic will exceed 80% of overall Internet traffic by 

2019 and especially in the mobile data traffic. Additionally, the calculated Compound 

Annual Growth Rate (CAGR) of the expected Internet video consuming for mobile 

networks reaches to 67% by 2019. Table 1.2 shows the expected Internet video consumed 

until 2019 where the values are represented in Petabytes per month (Cisco VNI, 2015). 

 

Network Type 2014 2015 2016 2017 2018 2019 CAGR 2014 and 2019 

Fixed 20485 25452 32981 43226 56771 74319 29% 

Mobile 1139 2014 3475 5842 9407 14999 67% 

 

Table 1.2. Internet Video Consumed (Petabyte per month) until 2019 (Cisco VNI, 2015) 
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Note that the CAGR has been calculated according to the equation shown below. 

 

𝐶𝐴𝐺𝑅 = (
𝐸𝑛𝑑𝑖𝑛𝑔 𝑉𝑎𝑙𝑢𝑒

𝐵𝑒𝑔𝑖𝑛𝑖𝑛𝑔 𝑉𝑎𝑙𝑢𝑒
)

(
1

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑌𝑒𝑎𝑟𝑠
)

− 1                        …………….Equation 1.1 

 

Where in the previous table, beginning value equal to (1139), ending value equal to 

(14999) and number of years is 5. 

This trend towards an increased consumption of online content suggests that there is a 

growing need for a system has the ability to help viewers search and find all the available 

content that matches their viewing pattern and desires. Indeed, with so many content 

sources now available and a trend towards on-demand viewing, the individual programme 

will start to become the dominant artefact rather than the more traditional channel through 

which programmes are delivered. However, even though some sites provide a search tool 

for their services, there is no centralized electronic programme guide available for the 

Internet users which can combine all of the available video content sources within the 

same guide. 

1.2 Research Problem 

Traditionally, broadcast channels provide an Electronic Programme Guide (EPG) to allow 

viewers to see what is being transmitted and when. These EPGs are used in the live TV 

broadcast channels (including terrestrial, satellite and IPTV) to present a time schedule of 

programmes for a specified time period which might be for one day or span several days. 

Figure 1.3 shows the typical structure of a conventional EPG that lists channel and 

programme information against time. Similarly, many catch-up and IPTV providers offer 

their equivalent version of this EPG. However, all of these current EPG systems are 

limited in the range of programmes and channels they include and hence, make available 

to viewers. Due to the proliferation of Smart TVs which integrate the Internet and 

television, new interfaces have been developed that provide more facilities and interaction 

with the viewer. However, these are still limited in scope both in terms of the channels 

they cover and the search options provided (M.-E. Kim, Cho, Yoo, Hong, & Kim, 2013). 
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Figure 1.3 General Diagram of EPG Provided by Sky 

 

The goal of this PhD is therefore to develop a generic EPG that is able to take as its input 

any, and all, available online video sources and present to the viewer a recommendation 

list that is both tailored to their preferences and means of being able to view content. 

Achieving this will require advances to be made in terms of providing a generic interface 

to content sources, the flexibility of the search scheme and recommendation process, and 

the overall responsiveness of such a system. In addition, it is important that any 

recommendations are tailored to the viewing device being used. For example, a smart TV, 

PC, smartphone or Tablet are all capable of playing online video content but each has quite 

different capabilities that do affect what content can be played. This variety creates another 

challenge to ensure that chosen content is capable of being played on the viewing device 

and its current level of network connectivity. Therefore, the overarching challenge is to 

support the viewer with an EPG that provides their preferred programmes regardless of 

their origin and which are chosen to match their current viewing environment. 
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1.3 Research Aim 

The aim of this research is to determine if it is possible to create a generic EPG system that 

is able to access all available online video content sources and provide a set of 

recommendations, regardless of the source, which is better tailored to the viewers’ viewing 

pattern taking into consideration their viewing context and exploiting personal connections 

resulting from the viewer’s interactions with social networks. 

1.4 Research Questions 

Carrying out this PhD has raised a number of research questions which are: 

1. How can a generic EPG system be designed that can interface with all the available 

online video content sources and include any new source without changing the 

system architecture? 

2. How can a searching system be designed to locate all sources of online video 

content given the diversity of such sources and the large variation in metadata 

which is used to describe programme content?  

3. Can a unified form of programme metadata be devised that works across all online 

video content sources? 

4. How can social networks be exploited within the recommendation process and 

what impact could this have? 

5. What aspects of a user’s context are important in recommending video content and 

how can these be integrated into the system design? 

6. How can the time required to execute the functions of the EPG be optimised to 

deliver a quality of user experience? 

7. How can this generic EPG be designed to serve different displaying devices such as 

TV’s, laptops, tablets and smartphones? 

1.5 Research Methodology 

This research adopts the scientific methodology based on a hypothesis of whether it is 

possible to develop a generic EPG system.  To achieve this, the following steps have been 

adopted.  
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1. Carrying out a Literature Review: which examined published work which is related 

to online video content providers, EPGs and underlying technologies to understand 

the research area and construct a clear appreciation of the whole system. 

2. Identifying the research problem areas: which emerged from the literature review.  

3. Defining the requirements and performance parameters that a generic EPG has to 

satisfy. 

4. Proposing a system architecture for a generic EPG system that has the ability to 

interface with any online video content source. 

5. Developing the searching process, metadata processing and recommendation 

operation for the generic EPG. 

6. Extending the EPG architecture to integrate social networks with a view to 

enhancing the recommendation process. 

7. Evaluating and validating the proposed design: by implementing an experimental 

prototype for the system to assess its effectiveness at improving the EPG and user’s 

interactivity with the EPG system. 

8. Ongoing modification of the system based on evaluation to improve the system 

performance and to optimise its design. 

9. Finalising the conclusions, publishing results and submitting a PhD thesis for 

examination. 

These steps are summarised in figure 1.4. 

1.6 Contribution to Knowledge 

This section will illustrate the main contributions to knowledge which are being claimed 

by this research. The first contribution is the generic online EPG system architecture. The 

EPG system architecture depends on a modular structure and the modules that are 

connected with the external sources are extensible to include any number of online sources 

without changing the main structure. That is implemented through adopting a new unified 

metadata representation for the different metadata formats which retrieved from the online 

sources where this unified format will be used within the entire system.  

The second contribution is exploiting features of social networks in a new way to support 

the recommendation system. The recommendation system has also been uniquely designed 



CHAPTER ONE                                                                                  INTRODUCTION 
 

11 
 

to employ four recommendation schemes to enhance the recommendation process and 

obtain a personalized list of programmes for each user. 

Finally, the EPG system has been designed as a cloud-based service, rather than a locally 

hosted service, which can serve any device that, has the ability to connect to the Internet. 

Therefore, the EPG provides the ability to appropriately match content to the viewing 

device and its context.    

1.7 Thesis Layout 

The remainder of this thesis is organized as follows. Chapter 2 gives an overview of the 

related work which describes the contribution of other researchers in the development of 

the components that are used in the EPG systems. Based on the experience that has been 

achieved from the previous research, the system requirements have been proposed in 

chapter 3. The architecture of proposed system is then described in chapter 4 which 

contains a full explanation of the different functional blocks which represent the system 

components. Chapter 5 includes the implementation of the generic EPG system and the 

initial results that were obtained during system testing. The final results obtained from the 

EPG system trial have been presented and evaluated in chapter 6. Finally, chapter 7 

concludes the work that has been done by this research and identifies relevant future work 

aspects. 
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Fig. 1.4 Stages of Research Methodology 
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Chapter Two 

2.1 Introduction 

This chapter will survey relevant research relating to the development, structure and 

evolution of Electronic Programme Guide systems. Particular focus is given to research 

which has investigated the different operations and algorithms that are used in improving 

the performance of the EPG systems. This includes EPG system design for TV and IPTV, 

their searching, recommendation and context-aware systems together with social network 

integration. 

2.2 Electronic Programme Guide Systems 

An Electronic Programme Guide (EPG) is simply a tool for browsing the available 

information about programmes normally, via a list of channels and usually based on time. 

This includes the title, duration, a description or picture relevant to the programme. They 

have been created to help TV viewers find programmes that match their interests without 

having to navigate all of the available channels and programme providers. However, 

because EPG information is collected from more than one programme provider, it is 

necessary to present this information in a unified and standard format. Therefore, attempts 

have been made to create a standard format to represent EPG information from all content 

providers. The standards include information about the metadata structure, the encoding 

and decoding and content metadata of broadcasted programmes which means this 

information could potentially be processed by any device. The content metadata further 

includes different information about the programmes and mainly classified into two parts; 

content description metadata such as title, genre and textual description and instance 

description metadata such as content location, video format and usage rules (Rosengren, 

1996). 

Programme metadata could be defined as an organized collection of data items which 

provide information about programmes, channels, software, interactive elements and other 

relevant data. Content metadata consists of several elements to represent the basic format, 

structure and content description information. In order to use this metadata in automated 

processing systems, a number of conventions about metadata items and their organization 

that should be defined. The most important one is naming. In order to allow a scalable 
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interchange and use of the metadata, each item should have a unique name which ensures 

that merging the metadata collections will occur without errors or duplications. 

XML is a standard infrastructure which is used to describe metadata and takes advantages 

of the similarity between the core idea of XML and metadata description concepts. An 

XML file consists a sequence of tagged data sections. The tag is simply a name and refers 

to the external description of the meaning for that section. As an example, < channel > 

refers to the name of the channel that is broadcasting that particular programme. Each 

section may contain multiple embedded sections to define a particular metadata item as 

shown in figure 2.1. Metadata could be described using other types of formats such as 

JSON. However, programme metadata is usually converted to a different format for 

reasons of usage space and easily use in the processing (Barton, 2000; ETSI, 2007; Huh & 

Kang, 2010). 

 

 

Fig. 2.1 Part of Content Metadata showing the Basic Description 

 

In the field of metadata, it is worth mentioning that Metabroadcast has made a significant 

contribution in aggregating and organizing the metadata from different content sources. 

Metabroadcast has offered Atlas as a new service to take over UK listing data from several 

content sources. Atlas is a metadata aggregator which has built for multiple data sets. It 

ingests the metadata from several content sources, indexes, matches items and makes a set 

of data available through a RESTful API in a standard format. It provides the data using 

XMLTV. Atlas is working with different types of sources which have been classified into 

three types; international long-form, UK long-form and international short-form. Table 2.1 

represents the sources of each type of the content sources that Atlas is dealing with. 
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However, this service is still limited for a number of content sources and their API is 

available for only the commercial applications (Metabroadcast, 2017, Atlas, 2009, Chris, 

2016 & Jonathan, 2012). 

 

International Long-Form UK Long-Form International Short-Form 

Hulu BBC Archive.org 

iTunes Channel 4 Dailymotion 

TV Blob Five Blip.tv 

 ITV Podcasts 

 MSN Video TED.com 

 Press Association Vimeo 

  YouTube 

 

Table 2.1 List of sources that connected to Atlas (Metabroadcast) 

 

With an increased number of channel and programme providers, EPG data that can be 

retrieved has increased. This has led to an increase in the management and analytical 

operations needed to extract relevant programme information from the EPG and display it 

to a user. Additionally, the required connection bandwidth must also increase to cover the 

EPG data for seven days or across multiple providers. Stettner produced a technique for 

client terminals such as set-top-boxes (STB) where requests to an EPG server could be 

made to download only the needed part of the EPG, instead of having to download the 

entire EPG. Then if the user wishes to view any additional information, the STB can issue 

a request to download the other parts of the EPG from the server. However, providing the 

EPG in this manner does limit its ability to interact with the users and increase the needed 

time if the user does a request for a particular programme or category (Stettner, 2012). 

Recently, new technologies have been employed to add services to the existing EPG to 

improve a user’s satisfaction and offer more facilities that could make watching TV more 

interesting. Ellis presented an EPG system with a scan feature. The system utilizes the 

television receiver with a tuner to tune the receiver to a selected channel and a data 
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processor to parse and store the television programme’s schedule information. Then the 

system offers a service to the user which can scan the programme schedule list for multiple 

programmes with a single command (Ellis, Davis, & Knudson, 2014).  

Generally, generating and implementing the EPG for digital TV or IPTV is based on 

receiving information that originates from TV content providers. Ideally, this information 

should be delivered to the receiver side in a standard format used by all providers. An EPG 

is a software application running on the receiver device such as a set-top-box (STB). The 

design and implementation of these EPG systems and graphical user interface (GUI) 

depends on the designer in choosing the appropriate software. Cui has designed an EPG 

system and GUI which is based on a Linux embedded operation system that is used within 

a digital TV set-top-box. The major functions of the EPG system are programme 

management, programme searching and system setting. However, this EPG depends 

entirely on the information from the channel providers and without any consideration of 

the users’ needs and preferences (Cui, Sun, Wang, & Li, 2012; Dajda, Ciślak, Hełdak, & 

Pacyna, 1996). 

The development in EPG services has continued by proposing more facilities and offering 

more personalisation and interaction with the user side. Another EPG design has been 

proposed to present the recent and future TV programmes with an additional list of the past 

programmes. The designed EPG offers to users the ability to view the past programmes 

which have a link with the recent and future programmes in EPG such as series or parts of 

movies. Therefore, and in order to give the users another chance to watch the missed 

programmes, a list of past programmes is provided for those programmes that will be 

repeated in the coming few days whether on the same channel or another channel. 

Additionally, the viewers can select any past programme and the system automatically 

notifies the viewer when a repeat of that selected programme is about to be broadcast. This 

system is supported with a user interface which has the ability to receive and forward 

information to the system and includes management and recording options (Drazin & 

Kram, 2014). 

Recently, broadcasters and providers have developed a hybrid TV platform which 

integrated the free-to-air digital terrestrial channels with TV on demand and catch up 

services. Youview is an example of these hybrid TV platforms in United Kingdom. It 

combines two main things; over 70 digital terrestrial channels (including BBC, ITV, 
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Channel 4 and Channel 5) and catch up and on demand services via a broadband 

connection. Moreover, it offers an EPG for users with streaming applications to particular 

providers such as Netflix, Now TV and Amazon Instant Video. Youview is available either 

as a standalone set-top-box or as part of a TV package from the partnership broadband 

providers. The provided EPG looks like a normal EPG but the user can watch previously 

broadcast programmes rather than just what is being broadcast. This EPG has deep links 

with the catch-up services from the major Freeview television channels and on demand 

providers such as Netflix and YouTube. 

Freeview Play is another hybrid TV platform example in United Kingdom. It adds 

connected services to the free-to-air digital TV within the EPG. The users are able to scroll 

backwards through the last seven days of programming within the EPG to watch the 

programmes that have been missed. It has connected to BBC-iPlayer, ITV Player, All 4, 

Demand 5 and UKTV Play. Moreover, the users can browse forward to see what’s coming 

up to watch in the seven days ahead where it connected to over 70 free-to-air digital 

channels. However, for the catch-up EPG, there is no search functionality. Therefore, if the 

user doesn’t know the broadcaster or date of what they want to watch, they can’t just 

search for it within the EPG. In fact, this TV platform might give the impression that the 

EPG has integrated different sources into one EPG, but it has not because it just has links 

with the catch-up services. 

However, there are several limitations for using this type of hybrid TV platform such as it 

needs a stable and fast download speed (minimum 3 Mb), it needs extra cost for the set-

top-box and the limited number of channels that connected to the TV system (Youview, 

2017, Kim, 2017, Andrew, 2012, Freeview, 2017, Rik & Max, 2017 & Andrew, 2017). 

2.2.1 Electronic Programme Guide for IPTV System 

Internet Protocol Television (IPTV) provides TV services to users through the 

infrastructure of an IP network. That means, you can watch television if you have IP 

orientated device which can connect to the provider’s network. Recently, the set-top-box 

(STB) has been used to receive IPTV services from providers such as Virgin Media. This 

is different from Internet TV which does not provide any the Quality of Service guarantees 

for TV programmes, has no geographical limitation and is widely popular (Yim, Lee, Lee, 

& Jeon, 2014). 
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Recently, the propagation of IPTV has been led many researchers to more investigate and 

develop the performance and quality of service that offered to the users of the IPTV 

system. In the same way as for digital TV, it has become quite difficult for users to find the 

programmes that they are interested in due to the increase in available TV programmes and 

channel providers. Therefore, it has similarly, become necessary to support IPTV with the 

development of EPGs to help users find their preferred programmes. 

An approach proposed by Concolato generates an EPG in a separate device different from 

the rendering device. It can serve IPTV and Terrestrial TV users, where the server received 

at first the programme metadata through the broadcasted channels and transformed the raw 

metadata into a presentation data. Then this presentation data is driven from the server to 

the EPG generating device. The generating device converts the received data into a 

presentation format which is streamed to the rendering device. This system provides the 

EPG to the user device as a client, therefore, the user device does not need to analyse the 

metadata itself. Moreover, it is possible to update the EPG presentation and change the 

look of the EPG when the user decides. However, this design has some disadvantages in 

that it requires more processing on the server side, the adaptation of the presentation with 

the terminal characteristics of different rendering devices is difficult, the user cannot 

control the displayed programmes to show a specified category or keyword and finally 

because the metadata is transformed into the presentation style, the transmission of the 

EPG requires high bandwidth (Concolato, 2009). 

Another IPTV EPG system has been produced by Macedo to collect web data relevant to 

the programmes that are listed in the EPG. Firstly, the system classifies the programmes in 

the EPG into specified categories. Then the system integrates the gathered data with the 

information provided by the programme providers. The web data is gathered from several 

Internet sources and it contains textual information about the programmes that are listed in 

the EPG such as related news articles. The system extracts these news articles from a set of 

predetermined sources. This enriches the information that the EPG provides to users and 

helps them to make better decisions about whether they would like to watch a given 

programme or not (Macedo, Cardoso, & Pinto, 2014). 

An EPG system proposed by Tan is based on an exchange of information between IPTV 

users to share their experiences and list of preferred programmes. The system consists of 

an EPG recommender engine, information exchange module, message module and filter 
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module. The EPG recommender engine is responsible for recommending programmes to 

the users based on their profiles and preferred programmes. Then, in order to improve the 

user experience and provide more choices, the information exchange module is designed to 

send requests to the other users through the message module. The message module is 

responsible for sending requests to the other users, receiving their responses and parsing 

them to specify the users that should be provided with the shared EPG. The information 

exchange module supports several ways to exchange EPG information. The user can 

choose not to exchange their EPG information which means that they will lose the system 

benefits. Alternatively, they can choose only to exchange their programme information 

with some of their friends by sending requests to specified users. Finally, they can share 

programme information with all users in a totally unrestricted manner. The shared 

programmes are then forwarded to the filter module to filter out the programmes that 

already exist in the user’s own EPG (Tan, Zhu, Wang, & Chang, 2009). 

The open IPTV system is another contribution that allows users to choose an EPG from 

multiple EPGs which belongs to a number of network providers. This system depends on 

giving the user the ability to access other IPTV service providers which together create 

what is called a ‘neighboured garden’. The open IPTV strategy allows users to change to 

another EPG which belongs to a different IPTV provider. Users do however, need to 

register with at least one default service provider who then provides the primary contact, 

bill management, security, other service connection and login records management 

services. However, service providers seem not to prefer the open IPTV platform (T. Kim, 

Kim, & Hahn, 2010). 

An Internet television’s programme guide system has been proposed by Boyer which 

integrates electronic mail (e-mail) services. This system allows users to order and receive 

e-mail message reminders of selected television programmes and events. Moreover, the 

user can control when and how the reminders are generated and received, adding new 

programmes to the list and canceling previous reminders. Additionally, the user can select 

the type of reminders for free to view programmes or pay-per-view depending on the 

selected channels (Frankin E Boyer, Demers, & Blackwell, 2014). In the same field of 

research, McKissick developed an interactive television programme guide service which 

allows the service providers to deliver television programme listing information to the 

user’s local set-top-box. Using this service, the user receives notifications about the 
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programmes that are outside the current display time frame. The user can then specify the 

type of notifications related either to the programmes or the time of broadcasting. The EPG 

offers the ability to manage the notification through listing, adding, canceling and 

changing type of notifications. Moreover, the EPG can provide any available information 

about the user’s selected programmes even those programmes that are not in the TV 

channels’ time schedule (as example a movie in cinematic release). Figure 2.2 shows the 

notifications that are provided to the user based on previously selected programmes 

(McKissick & Forrer, 2013). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2.2 User Notifications Service in the Developed EPG (McKissick & Forrer, 2013) 
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2.2.2 Personalized Electronic Programme Guide 

With an increasing number of channels and programme providers, it has become difficult 

for users to find programmes of interest despite the existence of EPGs. This is because 

with traditional EPGs, the user needs to navigate through the whole EPG to find something 

interesting to watch and this wastes time. On the other hand, if a user becomes accustomed 

to watching certain kinds of programmes in certain channels, they might not experiment 

with different programmes in other channels which could also be of interest to them. 

Therefore, this problem needed to be addressed and one approach is to personalise the 

EPG based on a user’s viewing history from which the EPG can recommend a list of 

programmes which is appropriate to their preferences. This new generation of EPG does 

not just list the information which is provided by content providers but can also process 

and recommend a list of programmes to users. 

Another personalized EPG has been presented for digital TV and runs on the user’s set-

top-box. It creates a user model based on information supplied by the user. The system 

depends on three sources of information to manage the creation of a user model and these 

are the user’s explicit preferences that should are declared by the user, information about 

the TV viewers classes which classified based on programmes’ categories that are 

preferred by viewers and the user’s viewing behaviour. Having completed the user profile, 

the system creates the user model which is then used in recommending programmes to the 

user. This is done by matching the programme information which is extracted from the TV 

stream and channel’s EPG with the user model. Then the resulted programmes are ranked 

based on viewing behaviour (Ardissono et al., 2004). However, this proposed system 

doesn’t have the ability to adapt to any update in the user viewing behaviour or preferences 

especially for events which only occur occasionally. Moreover, the user experience can 

suffer from over-specialization and hence, they will not experience any new programmes 

which may be of interest to them. 

Smyth has proposed a web based personalized EPG. The user needs to create an account 

on a web server and register to create his profile comprising, for example, TV preferences, 

preferred viewing time, and genre preferences. The most important information is grading 

feedback provided by the user. Then based on this, the system recommends a list of 

programmes and their transmission times via an EPG page. The recommendation process 

depends on content-based and collaborative filtering techniques which help the system to 
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overcome the disadvantages of each technique individually. More details about those 

recommendation techniques will be described in the next sections. An overview of the 

system is shown in figure 2.3 (Smyth & Cotter, 2001). 

 

 

Fig. 2.3 Architecture of Personal TV Guide System (Smyth & Cotter, 2001) 

 

Whilst personalized EPGs use different schemes to recommend programmes, it is still 

difficult to produce a precise list of programmes for each user because of the limited 

profiling information that is available. Sullivan proposed a personalized EPG that uses data 
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mining techniques to overcome the problem of sparsity in the collaborative filtering 

technique. That is because users are usually rating a small number of available 

programmes therefore, the expected rated programmes overlap between two random users 

is very low which cause the sparsity problem. Sullivan’s system employs a user profile and 

information filtering techniques to learn about user preferences and personalize the 

recommendations according to their needs. Data mining methods have been applied to 

extract new programme metadata from user profiles in order to recommend similar 

programmes. However, this system doesn’t address the other problems in the collaborative 

filtering technique namely, the first-rating problem and cold-start problem (O’Sullivan, 

Smyth, Wilson, Mcdonald, & Smeaton, 2004). 

Another proposed system for personalizing the EPG was presented by Chen. This EPG is 

integrated into the viewing device and automatically monitors watched programmes and 

records the user’s viewing habits. The users’ feedback is then collected and forwarded to a 

community’ server in order to cluster the users into several virtual communities. The EPG 

system comprises content search, content recommendation and content management 

modules. The content search module is responsible for providing programmes that are 

simply requested by the user via keywords or by selecting programme categories. The 

content recommendation module recommends programmes using a community-based 

recommendation process in which the system monitors the viewed programmes from each 

user and divides the users into different virtual communities based on their viewing habits. 

The content management module records the users’ feedback about the recommended 

programmes and then processes and updates the recommendation process based on new 

information provided by the content management module. Figure 2.4 shows the block 

diagram of the community-based programme recommendation for the EPG system (Y.-C. 

Chen, Huang, & Huang, 2009). 

Based on this existing body of research, in order to design a personalized EPG system 

which can interface with any video content source and provide personal recommendations 

to each individual user, major functional parts are needed. These comprise a searching 

system that can interface with any content provider, a recommendation system that offers a 

list of programmes that is matched to the user’s viewing behaviour and preferences, and an 

ability to create, store and manage user profiles. Also, an EPG system should have the 

ability to extract and analyse the data collected from the social networks. Therefore, the 
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next sections of this chapter discuss research work relevant to these specific aspects of 

EPG design and operation. 

 

 

Fig. 2.4 Community-Based Programme Recommendation for EPG System (Y.-C. Chen et 

al., 2009) 

2.3 IPTV System 

Many researchers have discussed EPG design and implementation in the IPTV systems. 

This section presents a brief explanation of the IPTV system and its structure as an 

introduction to discuss the EPG within IPTV systems.  

An IPTV system is a digital television service that is delivered over a dedicated provider 

network using an IP networking protocol. This system works on a TV with a 

supplementary device called a set-top-box which accesses channels and other multimedia 

content through a broadband connection which connects to the provider’s network. It is 

different from Internet TV or Internet video streaming. Hence it is a secure, subscription 

service, local (limited operator coverage), that provides an end-to-end operator managed 
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service which guarantees the quality of service (QoS) over the provider’s network. 

However, IPTV providers may also include Internet services such as Web access and 

Voice over IP (VoIP) in which case the become known as Triple Play. 

The typical architecture of IPTV service comprises: a Super Head-End, Core Network, 

Access Network, Regional Head-End and Customer Premises. The Super Head-End 

encodes and processes the channels and transmits them to the Regional Head-End through 

the provider’s core network allowing it to serve millions of subscribers across their serving 

area. The Regional Head-End handles local programming, delivering channels to a single 

city or geographic area. Programmes are then transmitted as data streams to the 

subscriber’s premises through a range of access networks including Cable and Digital 

Subscriber Line (DSL) (Martinsson, 2006; Punchihewa, De Silva, & Diao, 2010). Figure 

2.5 illustrates a simple structure of the main functional parts of an IPTV system. 

IPTV services could be classified into four domains which are the consumer domain, 

network provider domain, service provider domain and content provider domain. The 

consumer domain presents the services to the end user while the network provider domain 

permits the connection between the consumer and service provider domain. The service 

provider domain is responsible for providing services for all subscribers whilst the content 

provider domain possesses licenses to sell or distribute the content. Currently, IPTV 

provides subscribers with linear TV programmes in the same way as traditional through 

the air broadcasters.  However, many also supplement this with additional services 

including video on demand (VoD), personal video recorder (PVR), EPG and a traffic and 

weather service (Zeadally, Moustafa, & Siddiqui, 2011). 

 

 

 

 

 

 

 

 

 

 

Fig. 2.5 Main Functional Parts of the IPTV System 
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Many researchers have discussed the performance of IPTV systems and how to improve 

the quality of service provided to users. Due to the requirements of an IPTV in terms of its 

performance and reliability, network bandwidth becomes critical (Mahimkar et al., 2009). 

A study has been carried out by Simsarian to discuss the traffic and required bandwidth 

that must be streamed to each user. It was found that the bandwidth depends on where 

Video-on-Demand (VoD) content, its cache and streaming server is located. Therefore, in 

order to decrease the traffic on the core network and the required bandwidth, VoD content 

is normally cached in the Regional Head-End (Simsarian & Duelk, 2007). 

Due to the popularization of IPTV, many services have been added to offer more facilities 

for the users such as on demand and interactive multimedia services. With an increase in 

the number of channels and content providers, assisting users in making selection becomes 

crucial. However, creating the EPG in the user device or centralizing the generation of 

EPG in the main servers can cause more challenges especially when the user experience 

and available bandwidth will be discussed (Cha, Rodriguez, Crowcroft, Moon, & 

Amatriain, 2008). 

IPTV services have been delivered to users through mobile devices to watch TV content 

based on a cloud network. Lai proposed a personalized mobile IPTV system which allows 

a user to configure a browsing interface with EPG information and select their favourite 

TV programmes through their mobile devices. Then, based on those selections, the 

manager server searches for multimedia videos in the cloud within the User Generating 

Content web site or VoD server. The management part of the system produces the list of 

content to match the EPG information and metadata parser engine. Based on the degree of 

similarity, the system chooses the most appropriate videos and presents them to the users 

through their mobile devices. This system is shown in figure 2.6 and comprises a 

management server, which includes the multimedia parsing engines and is connected to the 

VoD server, and a personalized user interface which is used by the user to select their 

favourite videos (Y. X. Lai, Lai, Hu, Chao, & Huang, 2011). 
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Fig. 2.6 Overall Structure of personalized mobile IPTV system (Y. X. Lai et al., 2011) 

 

Many other researchers have discussed different aspects in the IPTV systems such as 

improving the EPG via more interactive services, user experience and improving the 

system transmission performance and quality of services to decrease the factors that 

affecting the service such as Jitter or packet loss. However, there are still many limitations 

relevant to improve the EPG especially the limited content channels and sources and 

difficulty of recommending an accurate personalized list of programmes that match the 

user viewing behaviour and wishes. 

2.4 Searching Systems 

Searching and retrieving the correct programme metadata is based on how the programme 

search module can interact with the range of content providers. Therefore, many 

researchers have discussed how to improve the searching operation. Moreover, due to the 

variety in the type and format of programme metadata delivered by different providers, 

search systems have to adapt with these types and formats. This section discusses some of 
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the research that has investigated how to improve the performance and accuracy of search 

operations. 

2.4.1 World Wide Web Searching Systems 

Searching the Web for information is managed through popular search sites such as 

Google. Using a non-real time process, these sites examine and categorise each web page 

they can find and build a database which is then searched in real-time when a user enters a 

search term. Such search engines are then evaluated based on factors such as speed, 

searching effectivity and ease of use. However, searches for images or non-textual content 

is more challenging. Smith has developed a Web searching agent to search images and 

videos by incorporating text-based searching and content-based technology. Content-based 

technique provides for automated estimation of salient visual features such as colours, 

shapes and spatial information contained in the visual scenes. Then, similarity calculation 

applied between images and videos based on these extracted visual features. The system 

retrieves images and videos from the Web and provides a tool to browse this collection. 

Then, the user needs to select and specify the most and least item from the resulted list that 

match his desires. Based on the user selection, the system will reformulate the searching 

and processing operations to better match with user’s instruction. The system has several 

functionalities such as the search operation is based on content-based technique, updating 

the search operation using the user feedback and merging the text-based and image and 

video subject search and navigation (Smith & Chang, 1996). 

A more complicated searching system has been developed in order to increase the 

accuracy of searching results. Liddy proposed a system that includes a language processor 

to determine the subject categories and important terms of query. Moreover, it includes an 

agent server which generates and trains a neural network according to the language 

processor query. This neural network is embedded in the search agent. The search agent 

server processes through the neural network the subject categories and query terms of each 

retrieved document. Then the addresses of the retrieved documents which are above a 

threshold retrieval value is displayed on a user interface. The agent server automatically 

selects which of those retrieved documents are more relevant and expands a search agent 

according to the selected documents to improve the ability to retrieve the documents that 

better match the query terms. The second group of resulted addresses is displayed on the 

same user interface (another displaying area in the interface) where the user is able to 
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select any one from the two resulted lists. Based on user selection, the system applies and 

evolves search agents to retrieve more documents relevant to the selected one and the same 

operation will be repeated (Liddy & Yu, 2001). 

A searching system has been proposed by Tu to search the Web for information based on 

intelligent information retrieval agents which are designed to overcome the information 

overload problem. This problem arises when the user searches the Web for particular 

information to find too much relevant information and web sites. However, people often 

become frustrated due to the little useful information that is contained in the searched 

results and web sites. The system architecture is based on dividing the functions between 

several agents where one or more agents can cooperate to perform one task or function as a 

module while one or more subagents may cooperate to perform a feature of the agent. 

Each agent has a specified feature (task) such as intelligent searching where the agent can 

interact with user preferences for each category based on initial knowledge about user 

categories and filter the resulted pages to pinpoint exactly the user needs.  

The system depends on creating a profile for the user based on information relevant to 

their preferences obtained through the personal agent. In the same time the system 

categorizes users into groups using its group agent. Based on the collected information 

from each user profile, initial knowledge will be built to be used in filtering the search 

results to improve what is presented to the user. Additional services offered by the system 

include auto-notification sending a notification to the user when any update occurs in the 

retrieved pages, navigation guide to help users to find the way for relevant pages and 

information management when updating the user profile based on the selected pages. An 

overview for intellegent information retrieval agent is illustrated in figure 2.7. (Tu & 

Hsiang, 2000). 

Another searching system developed by Funk is designed to search programmes within 

Internet based VOD services. This system is based on saving the previous searching 

keywords in the system servers, then performing a search using those keywords and 

sending the results to the user device to be displayed without user intervention. This 

system applied for providing the user with any updating information about the 

programmes that the user watched previously automatically without the need to request a 

new search operation. Then, the user can select one of the programmes in the automated 

search results or execute new search operation based on new keyword entered by the user. 
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The system used a client-server model and works equally well on TVs and tablets (Funk & 

Noffsinger, 2014). 

 

 

 

Fig. 2.7 Intelligent Information Retrieval Agent (Tu & Hsiang, 2000) 

 

2.4.2 Multimedia Searching Systems 

Many systems have been designed in order to search for multimedia content whether that 

is searching and retrieving programmes or information relevant to programmes. These 

systems use different methods to analyse the query terms and obtain accurate results for 

the searching operation. A system has been designed by Coden to search different 

multimedia data types that are relevant to a particular query term in a multimedia database. 

The system provides the user with a collection of multimedia documents including a 

mixture of media types such as images, text and video clips in a single list. This system 

uses separate search engines to search the different media type where each search engine 

supports an interface to each type. The search engine searches the database for a particular 

media type and then translates the results to a query type that can be understood by the 

application programming interface that is designed for that search engine. The query 
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objects are represented by four elements which are the part number, document number, 

rank and media type. All these objects are combined into a single result list according to 

the user requirements (So, Coden, & Mak, 1999). 

Mankovitz has designed a system and method to search and extract information from a 

programme database and to use this information in a video recording device. The system 

could be built into the television or as a separate device. This system consists of a decoder, 

processor, controller located in the remote control device, memory and infrared 

transmitter. The decoder decodes the encoded programmes’ data after receiving it and 

converts it into an accessible format and then saves this data in the device memory. Then 

the processor analyses the data to extract the needed information such as the channel, title, 

date, time and length. The user can access the programme’s metadata to select the 

programmes that should be recorded whether they are currently being broadcast or 

scheduled in the future. Thereafter, the system saves the relevant information with all the 

selected programmes in the device memory. When the time and date of the selected 

programme coincides with real time, the processor sends a command to the controller by 

using the infrared transmitter to change the channel if it is not the same channel and start 

recording the programme. This system is entirely depending on the received programmes’ 

metadata which is sent by the broadcasters (Mankovitz, 2014). 

Digital systems now offer hundreds of channels and thousands of VoD movies. Although 

an EPG offers time schedule information for the available programmes in a given set of 

channels, it is still hard to scan all the channels to find programmes of interest. A searching 

system has been presented as separate device by Jerding to search the digital broadcasting 

channels and VoD for a specified user input. This system consists of a processor, 

communication components and memory. The system is connected to the receiver to 

download and process the programme metadata and then offers a user interface to enter the 

search criteria. Then, based on the user input which could be a channel, title, or time the 

system will search the stored media information and provide the user with a search result 

that is related to their input. (Jerding, Rodriguez, & Banker, 2013). 

Another approach has been proposed to search directly the EPG data for a particular query 

term. The user needs to enter text into the search window to search the EPG data and 

decides whether the search operation should be for channels or both channels and content. 

This approach has been applied to an IPTV EPG to help users find the channels and 
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content that are relevant to a specified search request (keyword) among the available 

channels in the EPG. Figure 2.8 shows the block diagram of the designed system (Rao, 

Sloo, Danker, & Nyako, 2015). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2.8 EPG Searching System (Rao et al., 2015) 

 

In order to increase the interactivity between the television set and users, a searching 

system has been designed to search the programme metadata for relevant programmes 
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database of the broadcast programmes to find suitable matches which most closely match 

the programme attributes. At the same time, another search operation is implemented to 

find programmes that match the attributes of currently viewed programmes. The system 

may suggest a list of programmes based on the current viewed programme, the last viewed 

programme or in general based on the programme that has recently been viewed. A neural 

algorithm is used to make suggestions and rank the programmes based on those that have 

the most matching attributes (Franklin E Boyer & Demers, 2014). 

2.4.3 Integrating the Internet with Multimedia Searching Systems 

Miyamori proposed a search engine that can search for Web content and recorded TV 

programmes (stored in a PC) in the same search operation. This system can handle Web 

content as an information source and TV programmes as another source which is 

considered as a first step towards developing the next-generation of search engines. The 

integrated search is achieved by generating integrated indices depending on keywords 

extracted from the TV programmes and Web content. Thus, when the user is watching a 

TV programme, the system searches the Web for content with content relevant to that 

programme. In contrast, when the user is browsing the Web, the system searches for TV 

programmes that have correspondingly relevant content. By selecting another item, the 

system updates the search results based on the selected item (Miyamori et al., 2006). 

Kulas also presented a search system that integrated searching an EPG and information 

resources on the Internet. A user interface has been created to select filtering elements for 

the search operation and to display the results. The system has the ability to search 

information contained in the EPG based on the selected elements and extract appropriate 

information such as title or subject to then use as search criteria on the Internet. Then the 

system will search the Internet and provide a group of Web sites represented by URL's 

which are relevant to the search topics. The user interface displays both the EPG results 

and Internet information for the same search topics represented by web sites in separated 

windows. The user is then able to select programmes to watch directly through the 

Interface or to open Web sites in the supplementary window (Legall, Masli, & Kulas, 

1999). 

Internet search systems have been developed for television to support the user with 

additional information relevant to the programme that is currently being viewed. This 

system identifies search keywords extracted from the programme that is currently viewed 
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by the user. These keywords may be extracted from the closed captions (such as news 

titles or programmes short descriptions) or the EPG data which represents the programme 

metadata. Then, the keywords are presented to the user as recommended search queries via 

the user interface. When the user selects one of these queries, the system sends the 

keyword to the Internet and displays the resulted web page links. Moreover, the system 

allows users to refine the recommended keywords by offering the category as another 

choice. Therefore, the user can choose a category which better represents the targeted 

information. Additionally, the system offers a supplementary user interface for wireless 

devices such as tablets to enable the users to access the Internet recommendations as 

shown in figure 2.9 (Messer et al., 2008). 

 

 

 

 

 

 

 

 

Fig. 2.9 Supplementary User Interface of Internet Searching system on TV (Messer et al., 

2008) 

 

2.4.4 Smart TV Searching Systems 

The Smart TV combines a TV system with the Internet. Many researchers have discussed 

the methods to improve the searching system in order to provide additional information 

relevant to the viewed programme or to obtain more precise results that are relevant to the 

search query term. A new searching system has been proposed by Rothschild which 

provides content relevant on the actor, programme title and so on. These contents could be 
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movie, television programme, web content (information) or e-commerce website. The 

searching results are displayed to the user in a different window and stored in the system 

memory, so the user is able to view this content later. The system is designed to work as a 

separate physical device connected to the Smart TV and includes memory, processor, 

infrared transmitter and user interface. However, the system designed to serve the Smart 

TV viewers through providing different search methods. These methods include providing 

the viewer with multimedia relevant to the programme that currently viewed or searching 

based on a query term entered by the viewer through an input device (such as keyboard or 

remote control) represents actor name or commercial product (Rothschild, 2011). 

To improve the searching operation in the Smart TV, another approach has been proposed 

to minimize the human efforts in searching multimedia content. This approach is based on 

using the mouse as a user interface to the Smart TV. The system analyses the movement of 

the mouse cursor while the user is navigating the initial results to define the intent of the 

user. By observing the mouse movement pattern, the system predicts the user’s search 

intent and generates a new list of multimedia content. The new list contains more relevant 

content to the user search intent (Jeong & Lee, 2014). 

Another system has been proposed for Smart TVs that is based on a multi-level searching 

process. The system sends keywords that have been entered by the user through their 

Smart TV browser to the searching system to search the local repository for matching 

content as shown in figure 2.10. Thereafter, the Smart TV agent server will send those 

keywords to the EPG repository to search the scheduled information of programmes for 

any matched content. At the same time, these keywords will be sent to the global 

repository to search the User Created Content website (UCC) for any matches. The results 

that are received from the other repositories are combined with the local repository 

searching results. Then, all of the results are ranked, indexed and displayed to the user 

through their Smart TV browser. However, the system is still based on the user providing 

keywords (M.-E. Kim et al., 2013). 

Hong developed a personalized refinement technique for more accurate searching of 

multimedia content in a Smart TV. His system is based on the semantic analysis of the 

query term, user information and multimedia content. The system measures the relatedness 

in terms of similarity between the user query, multimedia content and user information. 

This system consists of a user analyser, content analyser and personalized refinement 
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module. The user analyser saves the user preferences as viewing history and receives the 

user query term in order to search for the targeted multimedia content. The content 

analyser extracts the multimedia content information such as the title, category and 

description. The personalized refinement module is responsible for calculating the 

similarity between the two information groups, then filtering the irrelevant content and 

removing them. Several functions included in the personalized refinement module such as 

grouping and ranking the results are based on the semantic relatedness (Hong & Lee, 

2015). 

Based on the previous research, in order to create an accurate search system, it is clear that 

the search system should adopt many analysing operations and information collecting 

processes. Moreover, the search system should be followed by a recommendation system 

in order to select or rank the relevant items (programmes) based on specific criteria and 

filter out the irrelevant programmes. Therefore, the next sections will discuss research that 

has investigated the development of recommendation systems and the collection of user 

information which forms a key part of context-awareness. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2.10 Search Processing in the Smart TV system (M.-E. Kim et al., 2013) 
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2.5 Recommendation Systems 

The recommendation system is one of the most important parts in personalized EPG 

systems. It has become a major research area due to the spread of using the recommender 

systems in many other applications such as Internet shopping and tourism websites. 

Therefore, this section discusses the relevant research that has investigated the 

development of recommendation operations that could be applied to online TV systems. 

2.5.1 Traditional Recommendation Approaches 

Basically, there are three main traditional recommendation techniques used to recommend 

items for users: content-based, collaborative filtering and hybrid recommendation 

approaches. A content-based approach depends on understanding the commonalities 

between the user’s highly rated items or programmes. This could be done by creating a 

user profile that contains the user preferences, choices and their rating on each item or 

programme. Then, based on the commonalities of the user choices such as a specific actor, 

genre or subject, only those items that have a high degree of similarity with these 

preferences will be recommended. However, there are several limitations and drawbacks 

that can affect using this recommendation technique. The content-based approach is 

limited by the features that describe the recommended item or programme. This limits the 

content analysis if there are different items that are described by the same set of features. 

Additionally, the system can only recommend items that are similar to the items that have 

been rated by the user. Therefore, the user will not be able to experiment with anything 

different from what they have seen before – a problem known as overspecialization. 

Another problem is when the user only has a few rated items or new users join. The 

content-based recommender needs a sufficient number of items before it can understand 

the user preferences and present accurate recommendations for the user. 

In contrast, the collaborative filtering recommendation approach tries to predict items or 

programmes for a particular user based on the rating of other users who have similar tastes 

of previously selected items. That means according to this approach, the recommender 

system will seek for users who have rated items similar to the particular user items and 

then recommend the other items of those users that have not being watched or selected to 

the particular user. Collaborative filtering can be classified into two methods called the 

memory-based and model-based method. The memory-based method makes rating 
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predictions based on the entire collection of items previously rated by users where all 

ratings, items and users should be stored in memory. On the other hand, the model-based 

method uses the collection of rated items to create a model from which the similar users 

will be grouped into sets or clusters. Then the system uses these sets to predict rated items 

for any new user after decide which set that this new user should belong to. More detail 

about the similarity calculations and clustering methods will be discussed in the next 

sections. 

However, there are some limitations in using a collaborative filtering approach in 

recommending items.  The cold-start problem is caused by new users who have not 

submitted any rating for any item. That is because in order to predict accurate 

recommendations, the system needs to learn the user preferences from ratings given to a 

sufficient number of items. Similarly, new items cause the same problem which is called 

the first-rater problem. That is because new items cannot be recommended to the users 

until some other users have assigned ratings to them. Moreover, rating sparsity could also 

affect the accuracy of the recommendations because the system cannot find a sufficient 

number of rated items or users. In this case the system has to depend on the user profile 

information in order to calculate a users’ similarity. 

In order to avoid the drawbacks of the two approaches previously described, a hybrid 

approach has been used which combines the content-based and collaborative filtering 

methods. There are different ways to combine the two approaches. The first one is by 

implementing each approach separately and then combining their predictions into one list 

or constructing a general unifying model that incorporates both approaches. Moreover, it 

could be implemented by incorporating some content-based characteristics into a 

collaborative approach or vice versa (Adomavicius & Tuzhilin, 2005; Bobadilla, 

Serradilla, & Bernal, 2010; Martínez, Arias, Vilas, Duque, & Nores, 2009; Wu, Liu, & 

Luo, 2008). 

2.5.1.1 Content-based Recommendation Systems 

Generally, content-based recommendation approaches depend on calculating the similarity 

between the previous user choices and some available items to identify and recommend 

items for that particular user. Many methods have been used in order to calculate the 

similarity between any two items such as cosine similarity and Pearson correlation. 
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In order to provide a list of recommended programmes, information should be collected 

that is relevant to the user and programme content. This information will be subjected to 

several analysing operations in order to extract the needed parts of this information and to 

use it within the recommendation processes. The recommendation needs to adapt to the 

differences in the formats of the collected information. As an example, the TV content 

metadata may be described by one provider using XML whereas others may use a different 

format or different tags for the same features. On the other hand, the collected information 

about the user may be described and presented in a totally different format. Therefore, the 

recommendation systems should contain different parts that can handle these formats to 

execute the analysing operations (Ricci, Rokach, & Shapira, 2011; Zhang & Zheng, 2005). 

Moreover, the content metadata should include the main features that describe the content 

such as the category, genre, actor, language, production year and originating channel 

(Scholl, Thelen, Kneissler, & Kellner, 2009). 

As an example of content-based recommendation systems, a recommendation system for 

digital TV has been proposed by Shin which is based on extracting the content metadata 

from different sources. This system depends on performing similarity measurements 

between the collected content descriptive metadata and information from user profile. The 

user profile contains two types of information. Explicit information includes information 

entered by the user about their preferences and rated items and implicit information 

extracted from the user’s viewing history. The system mainly consists of two subsystems, 

a user profiling subsystem and content rating subsystem. The user profile is a database 

containing keywords, genre, channels or languages preferred by the user. Additionally, the 

user can select a stereotypical profile which is pre-defined by the system and includes 

some preferred choices. On the other hand, the content rating subsystem is responsible for 

extracting and storing content description data which is used later for recommendation 

purposes. This system uses the content-based recommendation approach but with two 

different methods: explicitly by the user themselves and implicitly by analysing the history 

of viewing behaviour (H. Shin, Lee, & Kim, 2009). 

2.5.1.2 Collaborative Filtering Recommendation Systems 

The collaborative filtering (CF) approach is considered as one of the most popular 

recommendation approaches that is used commercially especially in the Internet shopping 

and movies web sites. Generally, it depends on clustering users into several groups based 
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on their previous choices. Different algorithms are then used in order to cluster the users 

into their appropriate groups such as k-means and nearest neighbour algorithms. In the 

television content field, this approach has been used to provide more un-experienced 

programmes based on the other users’ selections in order to overcome the 

overspecialization problem. 

An automatic recommendation system has been proposed by Kim for IPTV and traditional 

TV which recommends a personalized list of TV programmes based on a collaborative 

filtering approach. The system consists of three main parts, user profile reasoning, user 

clustering and recommendation part. This system doesn’t rely on the explicit user feedback 

but instead implicitly learns the users’ interests based on the TV programmes and genres. 

Then, the system clusters the users into groups based on the TV programmes genres that 

are extracted from the users’ viewing history. Two methods are then used to cluster the 

users which are demographic clustering and k-means clustering. The programmes that 

belong to each group are recommended to the users after a ranking operation which is 

based on the preferred programmes by the user, popular programmes and TV programmes 

which have been watched recently. However, each user’ recommended TV programmes 

represent the programmes that belong to the user group but only those programmes that 

haven’t been watched by that particular user (E. Kim, Pyo, Park, & Kim, 2011). 

In order to get a more accurate clustering method in collaborative filtering approach, a 

hybrid fuzzy-genetic approach has been used by Al-Shamri to retain the accuracy of 

memory-based CF and the scalability of model-based CF. This hybrid system is proposed 

to exploit both the user ratings for highly rated items and some content features taken from 

their previous choices. The system hybridization is introduced at four levels known as the 

features level, model level, CF algorithm and approach level. The features level collects 

and classifies the user demographic information and other information relevant to their 

preferred programmes such as genre or actor name. At the model level, the system builds 

the user model from the collected information. The CF algorithm level is responsible for 

the hybridization between model-based and memory-based approaches. Then the final 

level includes the proposed fuzzy-genetic approach where a fuzzy distance function is used 

for finding users’ matches and creating recommendations for each user. The 

recommendation operation consists of four steps namely, data collection, user model 

formation, neighbourhood set selection and making recommendations (Al-Shamri & 
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Bharadwaj, 2008). Another system proposed by Mai used the same principles but used a 

different approach for clustering the users. Here a neural network based clustering CF 

algorithm was used to classify the user models based on a Back-Propagation (BP) neural 

network. This system improved the CF approach and overcame the disadvantages of this 

method such as the sparsity and cold-start problems (Mai, Fan, & Shen, 2009). 

Chang undertook a study for recommending TV programmes to users that developed a 

system that can recommend programmes relevant to the user preferences based on a cloud 

computing architecture. The system filtered the viewed programmes according to the 

viewing duration and programme content. Moreover, it collected personal information 

about the users such as age and location. The system offered an EPG to build the user 

behaviour simulation system for evaluation purpose in order to generate a large amount of 

user behaviour data and then saved the collected data as users’ profile data. When the user 

selects any programme from the EPG, the system saves the programme information such 

as channel name, programme name, location, viewing date and age in the user profile. 

Map-Reduce programming framework has been used which is efficient for processing the 

massive quantity of data. This system used a clustering algorithm based on K-means and 

K-nearest neighbour to cluster the TV programmes by viewer age and rank them based on 

their popularity (J.-H. Chang, Lai, Wang, & Wu, 2013; C.-F. Lai, Chang, Hu, Huang, & 

Chao, 2011). Another cloud-based recommendation system has proposed by Yijun for 

mobile users. This system exploits the user behaviour information in order to recommend 

multimedia items for users. The users are classified into several groups based on their 

context. Additionally, a video-sharing website has been used to collect the users’ 

relationships and user profiles to generate the recommendation rules. The system is 

implemented on a Hadoop platform where the user clusters and multimedia content are 

collected. The system framework included four components; the user behaviour collecting, 

user content clustering, dynamic recommendation rule generating and optimized real-time 

recommendation components. This system collects the user context (such as time and 

location) and user interests (such as browsed contents, preferred keywords and category), 

and then defines the content description and content access pattern to cluster the contents 

into different user interest clusters. Moreover, the recommendation rules are extracted 

from user context clusters and user content clusters to decrease the necessary analysing 

processes and optimize the execution time (Mo, Chen, Xie, Luo, & Yang, 2014). 
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2.5.1.3 Hybrid Recommendation Approach 

A hybrid approach has been used for a recommender for TV programmes proposed by 

Barragáns-Martínez. This recommending system provides the users, through a website, 

with a list of TV programmes for specified channels based on building a profile for each 

user through the same website. The system collects TV programme information of all 

available channels with any tags or keywords describing their content. Then, this 

information is filtered according to the user preferences which are contained within the 

user profile. The profile of each user consists of different types of information whether this 

information has been collected implicitly or explicitly. This profile may contain the types 

of user’s interesting programmes, demographic information or some rated programmes 

that previously recommended for the user. Moreover, other information is extracted by 

observing the user’s viewing behaviour to learn their preferred TV programmes and 

schedule. Through these rated items and preferences, the system analyses and uses the 

hybrid recommendation approach to recommend a list of programmes to each user through 

their account. Figure 2.11 shows the hybrid recommendation approach used by this 

system. The system implemented the operations that need a large amount of computation 

when the user was offline. This included downloading the list of TV programmes and 

storing them in a database. Providing the predicted list of programmes and ranking was 

then only implemented when the user was online (Barragáns-Martínez et al., 2010). 

Another system proposed by Debnath hybridized the content-based and collaborative 

filtering recommendation approaches. Each item was represented by a feature vector 

where those features representing a specified aspect of item. These features have different 

weight values based on the users’ judgement. This system has been applied on Internet 

Movie Database (IMDB) where the features represent the movie metadata such as genre, 

country, language, director and so on. The weights values estimated from social network 

graph where the graph represents human judgement of similarity between items aggregated 

over a large population of users. This system provided recommendations without using 

explicit user feedback on their preferences (Debnath, Ganguly, & Mitra, 2008). 
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Fig. 2.11 Hybrid Recommendation Approach (Barragáns-Martínez et al., 2010) 

 

De Campos presented a hybrid recommendation approach that used Bayesian networks to 

deal with the problem of the uncertainty in recommendations. It used artificial intelligence 

to predict how a particular user should rate a given item. Bayesian network formalism is 

used to represent the relationship between users, items and item features which describe 

the item. This recommendation system is represented by two parts. The first one represents 

the user profile and information about how the user rates the items. The second part 

represents the relationships between the users based on given items (previous selections) 

which represent how the content-based information will be used in improving the 

knowledge in the collaborative approach (De Campos, Fernández-Luna, Huete, & Rueda-

Morales, 2010). The same principle has been used by Song to recommend TV programmes 

for smart TV users. A Bayesian probability model was used to mine the enormous set of 

information about programmes and extract the user feature information in order to identify 

those programmes that meet their demands. The system consists of four parts; data 

acquisition, data filtering, model building and results prediction. The first part is 

responsible for retrieving the TV programme information through the set-top-box and user 

preferences information. Then using a Bayesian data mining model, the system analyses 
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both programmes and user features information, builds the user model and predicts and 

recommends the results (Z. Song, Wei, & Jia, 2012). 

Another recommendation system has been studied by Xu for web-based catch-up TV in 

collaboration with the Australian national TV. The system is designed to provide 

recommendations for the users based on their previous choices and those of other users. 

The system consists of two recommendation approaches. The first one is the content-based 

approach which recommends programmes based on what user has already watched. This 

approach is used to recommend things such as new episodes of a series that the user is 

known to be watching. The second approach is collaborative filtering which recommends 

programmes based on the preferences of the entire community of users. Then both 

recommendations that are generated by these two approaches are combined together to be 

displayed to the users in a single list (M. Xu et al., 2013). 

Another recommendation system has been proposed that is based on content-based and 

collaborative filtering techniques but also uses another principle in clustering the users. 

This system uses partial similarity in order to cluster users into several communities where 

each community is represented by an attribute represent a certain aspect of user’s interests 

(tastes). Based on the different attributes that describe each item and user, the user might 

belong to more than one community and so they can change the recommendations by 

changing the selected community. This method helped the user to experience new and 

unexpected programmes. The system has been evaluated through an experiment where the 

participants responded the questionnairs that have been prepared to asses the 

recommended list of programmes (Kamahara, Asakawa, Shimojo, & Miyahara, 2005). 

2.5.2 Personalized Recommendation 

Recently, recommendation systems have been designed to personalize the recommended 

list of programmes based on four strategies. These strategies are explicit profile which 

contains identity information related to the user and provided by the user themselves, 

implicit profile which describes the viewing history of the user and is used to predict the 

user’s preferences based on a statistical analysis of the saved information, user feedback 

which represents user ratings for watched programmes which helps the system to 

recommend programmes which are similar to the user’s preferred programmes and user 

context which is used to determine the viewing pattern and appropriate features for the 
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user’s environment. Based on these strategies, the personalized recommendation systems 

generally comprise of four modules as shown in figure 2.12 which are; user profile 

module, programme representation module, CF module and recommendation module. The 

programme representation defines the content features that describe each programme such 

as category, genre, description and broadcast information. The user profile should consist 

of a fixed part and variable part. The fixed information includes gender, age and other 

statistical information about the user. The variable information includes the preferred 

programmes, keywords and their wishes and demands. Different algorithms are used to 

bring similar users into groups. Similarly, different mechanisms are used to find the 

appropriate programmes for each user based on similarity calculations (Knee, Reynolds, 

Ellis, & Hassell, 2009; Schaffer, Lee, & Gutta, 2011; J. Xu, Zhang, Lu, & Li, 2002). 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2.12 Typical Personalized Recommendation System (J. Xu, Zhang, Lu, & Li, 2002) 

 

In order to personalize the recommender system and provide a list of TV programmes that 

match the viewer preferences and address all the issues that could affect the performance 

of the recommendation operation, Chang has published a literature review covering TV 
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programme recommender systems and within it proposes a smart TV programme 

recommender system. The suggested system depends on implicit and explicit information 

collected from the user feedback and the watched programmes in addition to social 

recommendations. The system consists of a TV programme content analysis module, user 

profile analysis module and user preference learning module. The TV programme content 

analysis module is responsible of extracting programme information such as the title, genre 

and keywords. Moreover, the user can rate the programme using online social media and 

then the system can exploit these ratings in recommending the programme to the other 

users. The user profile analysis module collects the user demographic information, viewing 

history and preferences. Also, it provides social relationships by selecting other users as 

friends or family. On the other hand, it is suggested that the user preference learning 

module could comprise of three learning approaches; learning from the viewing history, 

learning from implicit network which means those users who have a common viewing 

pattern or taste and learning from explicit networks such as friends and family. This idea 

has opened the door to more sophisticated recommendation systems that can interact with 

the users and combine both the Internet and the TV programmes within the same system 

(N. Chang, Irvan, & Terano, 2013). 

A dynamic recommendation system has been proposed by Dai to personalize the 

recommendations and adapt the changes in the user viewing pattern. The proposed system 

combines different recommendation schemes by using multiple recommendation agents to 

create a recommendation manager. Using content-based and collaborative filtering 

techniques, the system creates an explicit and implicit user profile based on the user 

feedback and viewing history. Moreover, the system provides an explicit recommendation 

system where the user can specify the programmes that they want to watch alongwith the 

time, date, channel, etc. Then, the system will recommend those programmes that match 

these criteria. In addition, the user needs to provide a feedback for the watched 

programmes and based on this feedback the system creates a list of recommended 

programmes. The recommendation system is located on a server which provides a 

centralized control for the offered services. The recommended list can then be displayed 

on a TV or through a web page. However, this system has not yet been implemented and 

so is currently only a proposed (Dai & Cohen, 2003). 
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In addition, other analytical methods have been proposed for the recommendation process 

within digital TV such as taking into consideration the current time, the available 

programmes at that time and deciding on the recommendation time. Oh proposed a TV 

recommender system called Show Time that determines the timing as well as the items for 

recommendation. This recommender system is continuously analysing the TV programme 

that the user is watching at that moment and the other programmes on the other channels 

by analysing the EPG information to create a user profile. Then, the system decides the 

time to recommend the selected programme or programmes based on the show time or the 

time remaining. The recommendation results are be displayed on the TV screen and the 

user can then select or ignore the recommended programme or programmes. Thereafter, 

the system will analyse the user’s decision and feedback and update the user profile to 

recommend a new programme or programmes. Figure 2.13 shows an overview of this 

system (J. Oh, Kim, Kim, & Yu, 2014). 

 

 

Fig. 2.13 Overview of Show Time System (J. Oh et al., 2014) 

 

Another recommendation system has been proposed by Shang which recommends a 

personalized list of programmes based on activities, interests, moods, experience and 

demographic information. The system is called the AIMED model. It consists of four 

modules; user profile and user stereotype, viewing communities, programme metadata and 

viewing context module. This system relies on collecting different information relevant to 

the user through a questionnaire in the registration stage which includes their preferred 

activities, interests and demographic information. Based on this information the system 

clusters users into groups using a K-means algorithm to develop viewer group models. 

Moreover, the system used the content-based and collaborative filtering techniques as 

additional recommendation methods. The system generates the viewing behaviour by 
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analysing the viewed programmes where the programme attributes such as channel 

number, programme name, category, language of programme and cast are stored in the 

user profile. On the other hand, the system determines some key characteristics to find a 

match between each user and the viewing communities according to the similarities in 

those characteristics. Additionally, when the user is viewing any programme, they can 

provide rate and mood information to the system to be saved in their profile where it will 

be used later in the other operations. Although this system provided a personalized list of 

programmes based on different features and characteristics, it is still needed the user to 

enter different information and ratings for the viewed programmes in order to build the 

user model and provide an accurate recommendations to each user (Hsu, Wen, Lin, Lee, & 

Lee, 2007). 

2.5.3 Group Recommendation 

Because the TV is often viewed by a group of people such as family in a living room or a 

group of students in lounge, a new recommendation system has been proposed by Yu to 

recommend TV programmes for a group of viewers. In order to achieve a programme 

recommender for multiple television viewers, there are three strategies that could be used. 

The first strategy is a group agent where the users register a common account for 

themselves. Thereafter, they select their preferences to create a common profile. When the 

users want to watch TV together, they need to log in using their common account and the 

group agent will then learn the group’s preferences and recommend programmes for them. 

The second strategy is merging recommendations. The system can use any 

recommendation approach to recommend programmes to the users based on their profiles. 

Then, it merges all the recommendation lists together to find the common programmes and 

generate the recommendation for the group. The third strategy is merging user profiles to 

generate a common profile. The final list of recommended programmes is then based on 

the features of the common profile. Figure 2.14 shows the schematic of this 

recommendation strategy. 
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Fig. 2.14 Merging User Profiles Strategy 

Several criteria should be determined by the system in order to merge the users' profiles 

such as to select the part of the user profile that should be merged or weight the features 

that will be used to recommend the programmes. Additionally, the system offers a user 

interface for multiple viewers to specify the users who log into the system as shown in 

figure 2.15 (Yu, Zhou, Hao, & Gu, 2006). 

Another method has been presented by Kim for group recommendations. This is based on 

generating a profile for each group of people who share the same activity or same interests. 

The group profile represents the aggregated profiles of the members of that group. Then 

the traditional collaborative filtering technique is implemented using the nearest neighbour 

algorithm to find the neighbour group and generate a set of recommendations for each 

group. The second step is to remove the irrelevant items by calculating the similarity 

between the set of recommendations and the user’s interests which are contained in the 

user profile. However, this method has been developed for recommending online books in 

reading clubs and not for TV programmes (J. K. Kim, Kim, Oh, & Ryu, 2010). The same 

idea has been presented by Chen for group recommendations where the difference between 

individual recommendation and group recommendation has been considered. Group 

decisions may be affected through social influence or opinion leadership influences that 
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can directly or indirectly influence the thoughts, feelings and actions of others. 

Additionally, a genetic algorithm was used to learn the group rating for items where the 

interactions between the users were learned from the group ratings (Y.-L. Chen, Cheng, & 

Chuang, 2008). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2.15 Multiple Viewers Graphical User Interface (Yu et al., 2006) 

 

2.5.4 Context-awareness Recommendation 

Another technique that has been used to enhance the recommendation process is based on 

context-aware recommendations. Context definition could be different based on the type of 

information that is needed. There are many types of context that should be gathered such 

as user context (identity, age, and gender), device context (screen size or resolution), 

network context (available bandwidth), content context (content description) and dynamic 
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context (time and location). By including this information into the recommendation 

systems, the recommendation operation can provide more personalization in the selected 

list of programmes through adapting to the user’s environment. Shin proposed a context-

aware recommendation system which depends on the time and date as dynamic user 

context. They used the user context as a recommendation criterion in the similarity 

calculations in addition to the programme metadata. This recommendation operation is 

based on three layers; the user, item and user context. As a result, it was verified that the 

context-aware recommendation achieved an improvement in the recommendation 

performance compared with a traditional hybrid recommendation approach (D. Shin, Lee, 

Yeon, & Lee, 2009). 

Context-aware recommendation systems model and predict user behaviour and preferences 

by incorporating the available contextual information into the recommendation process. 

Context-aware recommendation systems are described as three-dimensional 

recommendation systems because the rating function is based on a user-item-context 

relationship. In contrast a traditional recommendation system is described as a two-

dimensional system because it only depends on the user-item relationship. 

The contextual information could be obtained in different ways; explicitly by asking the 

people directly and gathering the information from them or implicitly by gathering the 

information from a database or environment. Implicit gathering is often implemented using 

an application or device that interacts with the user environment. Additionally, the 

contextual information could be gathered by inferring the context using statistical or data 

mining methods (Adomavicius & Tuzhilin, 2011). 

Context-awareness recommendation can be classified into three approaches; contextual 

pre-filtering, contextual post-filtering and contextual modeling. Contextual pre-filtering 

filters the rating data for a particular context before calculating the predictions by the 

recommending system. That means, the items that will be recommended are predicted 

from a set of items that are relevant with only the particular context. The contextual post-

filtering approach means generating the recommendations based on any recommendation 

algorithm and thereafter filtering these recommendations according to the user context. 

The contextual modelling incorporates the context information into the model that is used 

for generating recommendations. Figure 2.16 shows the different ways for incorporating 

the contextual information in the recommendation systems. 
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Fig. 2.16 The Possible Ways for Incorporating the Contextual Information into the 

Recommendation Systems (Steeg, 2015) 

 

Campos presented a study that drew a comparison between these three approaches to find 

the best approach that provides the best recommendation performance. In this study, the 

context that has been chosen is time and social companion. The users were asked to rate a 

group of movies and state the context which includes the time of day such as morning, 

afternoon or night, period of the week such as working day or weekend and with whom 

they preferred to watch the rated movie such as alone, as a couple, with my family or with 

my friends. However, by analysing the results that were obtained from the experiment, it 

showed that no approach is superior to the others but that the combination of contextual 

recommendation with another recommendation algorithm can improve the 

recommendation performance and obtain more personalized list of programmes (Campos, 

Fernández-Tobías, Cantador, & Díez, 2013; Steeg, 2015). 

A recommendation system based on combining the user profile and context has been 

proposed by Abbar. The user profile represents information that characterizes the user such 

as demographic data, domain of interests and quality and delivery requirements. The 

context is defined as a set of features which describe the environment that the user 

interacts with such as time, location and cognitive status. This system consists of two main 
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functions; the knowledge acquisition process and personalized recommendation. The 

knowledge acquisition collects the information from three sources which are the user 

profile, content description and context. All the selected programmes are then stored in a 

user log file which represents the user profile besides the user context and other 

information. The personalized recommendation contains the recommendation engine 

which is responsible for learning the user’s viewing behaviour and finding the appropriate 

programmes. However, the users need to provide the system explicitly with information 

about users’ contexts and ratings for the previous watched programmes in order to create 

the personalized recommended list (Abbar, Bouzeghoub, & Lopez, 2009). 

Another context-aware recommendation system has been proposed by Song which takes 

into consideration the different types of context. The system gathered four types of context 

in order to personalize the recommended list of programmes. The first type is the user 

context information which includes static information such as name, age, gender, language 

and preferred actors and dynamic information that frequently changes such as user location 

and emotions. The second type is device context information which includes information 

about the device such as screen size, capacity and connectivity. The system also gathered 

network context information which included network access type, bandwidth information 

and quality of service information. The last type is the service context information that 

includes information about the services such as content description and requirements for 

devices and networks. The main functional blocks of the context-aware system are shown 

in figure 2.17. 

However, this system depended on real-time context collecting and personalizing, 

therefore, there is a time delay in service initiation due to the time taken to collect context 

information and perform the personalized content selection leading to the generation of a 

list of recommendations (S. Song et al., 2012). 
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Fig. 2.17 Context-aware Recommendation System (S. Song, Moustafa, & Afifi, 2012) 

 

2.6 Social Networks 

Nowadays, using social networks (SN) has become very popular and one of the most 

important ways of keeping in contact with friends and family members. Online social 

networks could be defined as web-based applications that allow their users to create a 

profile that other users can see and use to create a friend list of other users to make contact. 

Besides connecting people with each other, social networks are used to exchange their 

ideas, interests and important moments. Consequently, many researchers have investigated 

the effect of these relationships on users’ choices and interests. Several aspects have been 

studied such as the psychological outcomes from engaging in these social networks, the 

effects of the number of friends and the amount of SN use on the user behaviour. 

Additionally, social support is considered as one of the most widely used concepts across 

various domains in social networks and has the attention as a context that need further 

studies to explain the positive outcomes of social networks in recommendation operations. 

Social support could be defined as exchanging the resources or aids between the 

individuals through the social networks and is considered as a key benefit that users can 

obtain from these networks. Another psychological outcome from using social networks is 
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the sense of community. It is defined as a feeling of belonging to a group or community 

within which the members can perceive themselves as similar in characteristics and 

dependent on each other. Many studies have confirmed that social support and sense of 

community can be exploited as a good predictor for sharing items between users who 

belong to the same community or group. 

Other studies have investigated the relationship between various social features of users 

(such as geographic distance and friend similarity) and the similarity in their interests. 

Moreover, what are the aspects of users, who have relationship, that should be similar to 

estimate the user interests when the another user's interests are known. A study has been 

implemented on three interest domain; music, movies and TV shows to reveal the effect of 

the social features on users interests. The study showed that the people tend to be 

interested in the same movies, TV shows and music if they share similarities in their 

demographic information such as age, gender and location. Moreover, friends have a 

higher similarity than strangers in their choices and interests and this similarity increases 

when those friends share more than one common friend. Furthermore, people with a high 

diversity of interests are more likely to share their interests with others. This study 

discussed how to infer the interests’ similarity of two users when one of the users' interests 

is unknown. The psychological effects of social network relationships illustrate that a high 

proportion of social network friends who share the same interests can interact with each 

other more than strangers. This can influence their selections and can be exploited in 

recommendation systems especially using collaborative techniques (Ellison, Steinfield, & 

Lampe, 2007, 2011; Han, Wang, Crespi, Park, & Cuevas, 2015; H. J. Oh, Ozkaya, & 

LaRose, 2014). 

Due to the growing importance of social networks, many studies have been focused on the 

nature of relationships between users and how these relationships can affect the selections 

and help users make decisions. For this reason, social recommendation has been 

investigated on the basis of psychology and sociology studies. The study discussed the 

effects of the social relationships on users’ selections and their interaction with the 

recommendation systems. Two factors have been specified as social context which are 

individual preferences and interpersonal influences. The individual preferences describe 

the user behaviour toward the selected items which depends on whether the user 

previously liked or not similar items. The interpersonal influences describe whether the 
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user has a relationship with the person who recommends the item or not. This information 

has been extracted from historical data relevant to the target user. The social recommender 

system has been built to incorporate social contexts and has been evaluated through 

collecting real data from websites similar to Facebook and Twitter. The results showed 

that using the social recommender system improved the performance of the 

recommendation operation compared to the traditional recommendation techniques (Jiang 

et al., 2012). 

2.6.1 Social Networks-based Recommendation Systems 

Many researchers have discussed the effect of social networks as recommendation 

approach and compared the recommender performance with other types of 

recommendation systems. A study presented by Bonhard discussed the effect of 

relationships between advice-seeker and recommender and incorporated social networking 

features within the recommendation process. The study examined the effect of knowing 

the recommender on an advice-seeker selections and the effect of knowing the advice-

seeker on the recommendations of the recommender and how this in turn helped them to 

make decisions, and hence, improve the recommendation process. The study applied 

considered group of participants that knew each other and were asked to provide basic 

profile information and rate 20-30 films and then to rate some profiles in terms of 

familiarity, similarity and trust. The results showed that an advice-seeker selected 

programmes that were recommended (rated) by known persons faster than without 

knowing them. In addition to knowing the recommender, two conditions have been 

recognized that affected decision making. The first one was when the advice-seeker knows 

that the recommender has similar tastes and secondly when both have mutual knowledge 

about each other’s tastes. Even when they are different in tastes, the recommender will 

know what the advice-seeker will like (Bonhard & Sasse, 2006). In the same field, Mao 

discussed how the social influence between friends could affect the decision-making of 

item selection. The author developed a new parameter learning algorithm based on 

expectation maximization. This is based on integrating user behaviour, social influence 

and item content in order to enhance the recommendation performance. The system has 

been evaluated through a set of experiments using datasets collected from different web 

sites. The results showed that social influence has a valuable enhancement on the 

recommendation process and users are more likely to prefer friends’ recommendations 
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than those from other recommendation schemes but combining both user preferences and 

social influence is more effective than depending on social influence only (Ye, Liu, & Lee, 

2012). 

Another recommendation system has been proposed based on social networks related to 

items used in electronic commerce. This system relied on making recommendations for 

items which have been purchased or rated by members of different social networks. As an 

example, when someone purchases any item online, the system provides recommendations 

from trusted friends and members in the same social network and members in other 

networks. The ranking of those recommendations is based on the relationship proximity of 

the members with the target user. That means the system relies on friends followed by 

other members who have mutual friends with the target user within the same social 

network then the strangers (members within other social networks) will be at the end. This 

system consists of a social network module, recommendation engine and data repository as 

shown in figure 2.18. 

The social network module is configured to connect the recommendation application to the 

social network through an API provided by that social network. The data repository 

contains information about items that should be recommended within the social network. 

The recommendation engine provides the recommendations based on the social networks 

relationship proximity that is extracted from the social network (Berman, Iyer, Richardson, 

Rahurkar, & Seetharaman, 2012). However, this system was applied to purchasing items 

and exploited only one aspect of social network information (relationship proximity) in 

ranking the recommended items. 

A recommendation system based on social networks only has been proposed by Fischer. 

This system relied on sharing the users’ activities with friends who belong to one or more 

social network. The recommended items are weighted based on the closeness of the 

relationship with the target user which is determined based on the history of content 

sharing activity between users. This system comprises a group of services that are 

managed by a main application which communicates with the different web servers. 

Through these services, the application retrieves the needed data that is relevant to each 

user and their relationships with other users in each network (Fischer, 2012). 
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Fig. 2.18 Block Diagram Describes the Idea of Social Network Recommendation System 

(Berman et al., 2012) 

 

Another study proposed a social network recommender for an IPTV system where the 

recommendations for content had been determined based on watched items, likes or those 

that have been tagged by other social network members. This system could receive data 

about content items from other sources or rating engines such as IMDB or social networks 

such as Facebook. Figure 2.19 shows a block diagram for the designed social network 

recommender. The recommendation system includes a tracker module to track user 

interactions with content and to collect further information that may be relevant to provide 

recommendations to other users who are members of the same social network. This system 

can perform a keyword search to find content matching that keyword in the content 

database or user’s social network. This keyword could be a genre, actor name or words in 
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the title or description belonging to the viewed programmes by the user themselves or 

members of their social network (Mathur, 2013). However, this system was applied to a 

limited content source which was available in the IPTV system and relied on the users’ 

activities on the social networks such as comments or tags. 

 

 

 

 

 

 

 

 

Fig. 2.19 IPTV Social Network Recommendation System (Mathur, 2013) 

 

Another proposal including created a web site for recommending films to users based on a 

trust relationships. The web site has its own social network which offers the users a list of 

friends who are in the network and to be able to rate those friends, based on the strength of 

the relationship that exists such as acquaintance, good friend or best friend. Moreover, the 

web site asked the users to rate as much as possible different films and allowed them to 

write reviews (opinion) about each film. Based on these explicit ratings for both movies 

and friends, the system recommends and ranks a list of movies to each user within their 

own account. Additionally, the system presents the film reviews of the most trustworthy 

people where the trust ratings of those reviewers are displayed to the user. The results 

obtained from user trials showed that the accuracy of predicting films based on the trust 

associated with social networks were better than those based on the simple traditional 

recommendation techniques (Golbeck, 2006). 
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2.6.2 Hybridization the Recommendation Operation with Social Network 

Research has also considered how social influence, as an additional source of information 

about the user and their friends, can help in understanding the user behaviour through 

observing the user preferences and interests. The social networks offer information about 

friends, therefore, it is not necessary to find similar users to the target user through 

analysing their rating and use the similarity algorithms because the fact that any two 

persons are friends indicates that they have things common between them. This idea could 

offer a solution to the data sparsity problem. Moreover, social networks can offer a 

solution to the cold-start problem where even though there is no history about the user’s 

preferences, the recommending system can make recommendations based on the 

preferences of their friends. Social networks can provide not only the user’s preferences 

and interests, but also list their friends. This potential has been investigated by He through 

a recommendation system that takes into consideration these social relationships by 

combining a user's preferences with general information about the recommended item and 

the opinions of friends within the social network. It has been applied to a real data set from 

the Yelp.com website to help users find restaurants, bars, shops and it also provides its 

own social network to invite friends or to find friends on the web site. The study showed 

that the recommendation performance was improved by using the social influence within 

the recommendation process (He & Chu, 2010). 

Another approach has been presented by Liu to incorporate the social networks within the 

collaborative filtering method. This approach has been developed to increase the 

effectiveness of the CF method by solving one of its drawbacks in that it is unable to 

distinguish between friends and strangers when the system identifies two or more people 

share similar tastes. The approach is based on collecting data about the users’ preferences, 

ratings and their social network relationships from the Cyworld website. Cyworld is a 

social network web site similar to Facebook and popular in South Korea and China. User’s 

data was collected by distributing a survey to specific users of Cyworld. Thereafter, 

through using an algorithm to handle the collected information, the system found the 

nearest neighbours and associated social network members. If the social network members 

were also in the nearest neighbour group, then the preferences of those members were 

highly ranked. Otherwise, the other members’ preferences are ranked based on number of 

viewers. Figure 2.20 shows a clarification of the presented approach. The results indicated 
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that combining the collaborative filtering technique and social network improved the 

recommendation accuracy and decreased the number of times needed to repeat the 

computation to get the optimum nearest neighbours (F. Liu & Lee, 2010). 

 

 

 

 

 

 

 

Fig. 2.20 Incorporating Social contribution and collaborative filtering (F. Liu & Lee, 2010) 

 

A movie recommender system presented by Carrer-Neto offered a hybrid recommendation 

approach by combining the knowledge-based recommending technique with social 

networks instead of the collaborative filtering technique in order to improve the 

recommendation process. In the knowledge-based recommending technique, the user 

profile is used to identify the correlation between their preferences and existing content 

using inference algorithms. The system then allows the users to create friendship links 

with other users and uses information collected from the friends’ profiles, which is 

relevant to their preferences, to recommend movies to the target user. The proposed 

mechanism identified the dominant content that has received the highest ranking from 

most of their friends. This system relied on IMDB (Internet Movies Database) as a domain 

ontology to provide the system with the necessary information about movies. The 

recommender system presented promising results in enhancing the recommendation 

process by taking into account the social influence on a user of selections made by friends 

(Carrer-Neto, Hernández-Alcaraz, Valencia-García, & García-Sánchez, 2012). 

Another recommendation approach was proposed by Liu that presented a novel context-

aware recommendation system incorporating processed social network information. This 
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system handled the user’s context information which was collected either explicitly or 

implicitly to predict the user’s preferences.  This system used two categories of context; 

static context (such as age, gender and membership) and dynamic context such as mood 

and location. Additionally, the system selected the user’s friends who share a similar taste 

with the target user through analysing their historical ratings. This helped the system to 

predict the missing preferences based on the social information. This system was applied 

to one of the largest Chinese social platforms for sharing reviews and recommendations for 

books, movies and music called Douban. The users could then follow other users and 

provide ratings to books, movies and music to determine their preferred items. The results 

showed that combining contextual information and social network information improved 

the quality of recommendations (X. Liu & Aberer, 2013). 

A trust-based recommendation model has also been investigated by Walter to identify the 

impact of social network relationships on the recommendation performance. This model 

has been suggested to solve some problems in the traditional recommendation schemes 

such as sparsity. The recommender system uses the collaborative filtering technique to 

recommend items for each user and then it exploits the social relationships in filtering the 

final items (Walter, Battiston, & Schweitzer, 2008). Another study used the social 

networking and social tagging in collaborative recommendation. This study was 

implemented based on analysing the dataset that was collected from the Last.fm social 

network which includes users’ preferences, tracks, tags and bonds of friendship. This site 

allows the users to create a profile and add their preferred music tracks either from the web 

site or from their private music collections. A Random Walk with Restarts (RWR) model 

was applied to the collected data to evaluate the incorporation of friendship and social 

tagging in terms of enhancing the recommendation performance. According to the system 

evaluation, it was shown that the extra knowledge provided by the users’ social activity 

could improve the recommendation performance (Konstas, Stathopoulos, & Jose, 2009). 

2.6.3 Integrating Facebook into Recommendation Operation 

One of the most popular online social networks is Facebook where the number of 

participants in this web site reaches millions of people. It contains a huge amount of 

personal information that can be analysed in order to exploit it in the recommendation 

process. However, it is not easy to obtain all the needed information from the Facebook 

website because of the limitations of Facebook API. One of the methods that has been 
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used is to create an application in the online social network and ask users to join it if they 

want to participate. One of the studies that exploited Facebook in the recommendation 

process has been implemented by Quijano-Sanchez. A group recommender was generated 

by creating an application in Facebook and asking the users to join it in order to have the 

benefits of its services. The application is dependent on questionnaires that the user firstly 

should complete in order to create a user profile. The application employs three important 

features which are personality, social trust and historical recommendations in order to 

recommend new events or movies to the users' group. The application includes a create an 

event feature (such as going to the cinema), an option to invite friends, facilities to accept 

an invitation and to create a preferences profile of selected movies as shown in figure 2.21. 

The application gathers information from all group members and analyses it to create the 

group recommendations based on the selected items and events. All the recommendations 

are stored in the user profile in order to avoid repeating the same recommendations for the 

same user. Moreover, the application updates the gathered information in order to erase 

events or movies that have passed their deadline. This method is based on the collected 

information from multiple tests and questionnaires and can provide the recommendation 

within the Facebook website (Quijano-Sanchez, Recio-Garcia, & Diaz-Agudo, 2011). 

 

 

 

 

 

 

 

 

 

Fig. 2.21 Selecting and Rating Preferred Movies within the Facebook Application 

(Quijano-Sanchez et al., 2011) 
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User context has also been used to improve the recommendation process where the results 

show that location, time and other contextual information has a big influence on user 

selections. The user needs to specify their status through some questions about their 

favourite categories, their mood, their location and so on to recommend the appropriate 

programmes. 

A study has been conducted using the IPTV system by Mitchell where social networks 

have been employed to provide social awareness to the system users. Firstly, this study 

was based on a survey (questionnaire) organised to obtain some initial information from 

each user relevant to TV viewing habits, equipment and online services consumption. This 

information was used to categorize the user contexts such as user identity, time of 

watching, historical activities and access device. The system then provided an EPG to 

display the available channels with recommendation based on viewing history. Moreover, 

this system integrated Facebook into the EPG. The system provided an EPG that 

recommends channels for the IPTV system users based on channel popularity which is 

calculated by the number of clicks on each channel in the last 24 hours or by a number of 

simultaneous viewers at that time. In order to employ Facebook as social awareness and 

take the benefit of the information included on that website, the system asked the users to 

log into their Facebook accounts through the user interface of the system. Then the system 

server found the user’s Facebook ID and list of their friends’ IDs. Based on the 

information that was retrieved from each user, the system calculated statistical data about 

the number of viewers for each channel and identified where those view intersected with 

the friends’ list of each user. The system ranked the displayed channels in the EPG based 

on the statistical data such that the channel with higher viewers appeared in the top of the 

list. Viewers were shown how many people are watching each channel and how many 

friends are watching each channel together with a listing of their names as shown in figure 

2.22. Results show that the social effects play an important role in selecting the next 

programme where friends always prefer to watch the same programmes. This system 

supports users with statistical data for each channel where the recommended list is based 

purely on the channel popularity (Mitchell, Jones, Ishmael, & Race, 2011). 
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Fig. 2.22 Interface Showing Viewing Statistics (Mitchell et al., 2011) 

 

 

Moreover, Facebook contains different information that could be obtained which is 

relevant to the operation of an EPG which can be very beneficial for recommending 

systems and substitute the explicit rating to achieve not only competitive but superior 

results. A study presented by Shapira compared the quality of recommendations between 

using traditional rating information and extracted data from Facebook. Facebook contains 

information published by the user which relevant to favourite items and preferences. 

Additionally, participants were asked to rate a list of movies via a specially developed 

Web form. Their ratings have utilized instead of the users’ explicit feedback after watching 

any video contents. The extracted information was integrated into the traditional CF 

recommendation technique. Thereafter, a comparison has been implemented between the 

obtained results with those obtained from the traditional CF. The results revealed that the 

recommendations based on Facebook data were at least as good as those based on explicit 

ratings and even more accurate in some situations. Moreover, the integration of Facebook 

data into the recommendation process for users solves some of the known problems found 

in traditional CF especially those associated with cold start and high sparsity (Shapira, 

Rokach, & Freilikhman, 2013). 
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2.7 Summary 

This section summarizes the contributions of the relevant research that has been reviewed 

in this chapter and discusses the new areas that should be developed in order to evolve the 

EPG to serve online viewing. The relevant research in this context is that which discussed 

improvements to the entire EPG systems rather than that which simply focused on 

improving one aspect of the EPG system. This work is summarized in Table 2.2 which 

lists the main contribution made alongside a summary of its limitations. 

 

Authors Contributions Limitation for Online Viewing 

Stettner (2012), 

Ellis et al. (2014), 

Yuen et al. (2000), 

Cui et al. (1996), 

Drazin & Kram 

(2014). 

Adding a new service to the 

existing EPG such as display 

part of the EPG, scan feature, 

Picture in Picture (PIP) 

technology, new GUI using new 

operating system, display the 

past programmes’ list. 

 Doesn’t have the ability to 

communicate with all 

available content sources. 

 Doesn’t have the ability to 

recommend personalized list 

of programmes. 

Macedo et al. 

(2014).  

Retrieving textual information 

from the web that is relevant to 

the programmes in the EPG list. 

 Doesn’t have the ability to 

retrieve programmes relevant 

to the selected programmes. 

 Doesn’t have the ability to 

recommend a personalized 

list of programmes. 

Tan et al. (2009). Recommending programmes for 

IPTV system’s users through the 

EPG. 

 Doesn’t have the ability to 

communicate with all 

available content sources. 

 Depends on one 

recommendation approach 

only (CF). 

Boyer et al. 

(2014), McKissick 

& Forrer (2013). 

Adding services to the existing 

EPG such as issuing reminder 

messages for selected or 

preferred programmes. 

 Limited to a set of channels 

that are included in the IPTV 

system service. 

 Needs an explicit request to 
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specify the preferred 

programmes. 

 No real recommendation 

process included in the 

designed system. 

Ehrmantraut et al. 

(1996), Ardissono 

et al. (2004), 

O’Sullivan et al. 

(2004). 

Personalizing the recommended 

list which is created based on 

one of the recommendation 

approaches by using analysing 

methods such as fuzzy logic and 

data mining. 

 Limited for a set of channels 

that are included in the TV 

EPG. 

 Using only one 

recommendation approach 

(CF). 

Smyth & Cotter 

(2001), Uchyigit 

& Clark (2003). 

Provide a personalized EPG for 

TV viewer as a web page. 

 Limited to a set of channels 

that are included in the TV 

EPG. 

 EPG is separated from the 

viewing device. 

 Depending on user’s explicit 

feedback. 

Chen et al. (2009). Personalizing the EPG for IPTV 

system users. 

 Limited to a set of channels 

that are included in the IPTV 

system service. 

 Depending on user’s explicit 

feedback. 

Lai et al. (2011). Personalizing a recommended 

list of programmes for mobile 

IPTV system based on cloud 

network. 

 Recommending VoD content 

(stored in a specified server 

on the cloud) relevant with 

user’s favourite programmes. 

 Depending on user’s explicit 

feedback. 

Funk & 

Noffsinger (2014). 

Developed a searching system 

for multimedia programmes in 

remote Internet based server that 

 Limited for channels 

connected with the specified 

server. 
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is based on saving previous 

keywords. 

 Dependent on the last search 

term without taking into 

consideration the programme 

metadata and personalization. 

Jerding et al. 

(2013). 

Designing a search system for 

multimedia content to search the 

digital broadcasting channels and 

VoD for specified input. 

 Limited to TV channels that 

provide information about 

their content. 

 User search term is required. 

Franklin et al. 

(2014). 

Designing a search system to 

search the metadata of broadcast 

programmes for relevant 

programmes to the viewed and 

last one. 

 Limited to TV channels that 

provide information about 

their programmes. 

Rothschild (2011). Proposed a searching system for 

Smart TVs that can provide the 

viewer with multimedia content 

relevant to the viewed 

programme’s features. 

 The idea is based on 

keywords extracted from the 

viewed programme to use as 

search keywords on the 

Internet to find movie, web 

content or e-commercial web 

site relevant to those 

keywords. 

 The system worked as a 

separate device connected to 

the Smart TV. 

 Didn’t connect to video 

content sources. In contrast, it 

searches the Internet directly 

using a search engine for any 

relevant information. 

Kim et al. (2013). Proposing a multi-level 

searching process for Smart TVs 

to search the local repository and 

Internet and combine the results 

 System is limited to three 

permanent sources and can 

not include any new source. 

 Depends on an explicit user 
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into different windows. search request. 

 Doesn’t have a 

recommendation system. 

Kim et al. (2011), 

Chang et al. 

(2013), Barragans 

et al. (2010), Song 

et al. (2012), Xu et 

al. (2013), 

Kamahara et al. 

(2005). 

Improving the recommendation 

system through using hybrid 

methods in recommending 

programmes for users or using 

data analysing methods to obtain 

more precise recommendations. 

 It is still limited to using the 

traditional recommendation 

scheme. 

 Limited to a set of TV 

channels. 

Hsu et al. (2007). Personalizing the recommended 

programmes based on user 

context such as interests, 

activities, moods and 

demographic information. 

 Depends on explicit user 

inputs. 

 Limited to a set of TV 

channels. 

Song et al. (2012). Designing a recommendation 

system based on different types 

of context which includes user, 

device, network and service 

context. 

 Limited to a set of TV 

channels. 

 Doesn’t take into 

consideration the other 

recommendation approaches. 

 Depends on real-time context 

collecting and personalizing 

which causes a time delay. 

Mitchell et al. 

(2011). 

Employing Facebook in 

recommending programmes for 

IPTV system. 

 Facebook has been used to 

recognize the users who are 

currently watching TV 

programmes in order to use 

this information in ranking 

the recommended 

programmes and has not 

exploited the information 

included in Facebook in 
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recommendation operation. 

 Depends on recommending 

the programmes based on 

real-time viewing (recently 

viewing). 

 Limited to a set of IPTV 

channels. 

Mathur (2013). Proposing a Social network 

recommender for IPTV system. 

 Depends on the activities on 

the social networks such as 

comments and tags. 

 Limited to a set of IPTV 

channels. 

 

Table 2.2 Summary of Literature Review 

 

As a summary, the literature review has revealed a set of common limitations that remain 

to be resolved in order to create a generic EPG that can serve online viewing. Specifically 

these are: 

1. All previous EPG systems are limited to a set of channels or specified content 

sources. A generic EPG system should not be limited in this way. 

2. The EPG systems recommend available programmes in real time within the 

broadcast channels and that is not suitable for online viewing where users may 

access different types of content sources including channels, repository and user 

created content (UCC). Therefore, the online EPG should be programme not 

channel oriented regardless of the programme source. 

3. Limitation in recommendation methods due to the difference in formats used to 

describe a programmes’ metadata and collected data which is relevant to a users’ 

context. An generic EPG should seek to adopt a common standard for all 

information used as part of its recommendation process, irrespective of its origins. 

4. Hybridizing the recommendation methods, especially that which depends on 

collecting data relevant to the user’s contextual and environmental features, causes 

a time delay which increases when more hybrid recommendation methods are used 
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simultaneously. A generic EPG should seek minimise the delay which the user 

perceives. 

5. The difference in the displaying device should be taken into consideration. It is 

important that a generic EPG is able to deliver the same services irrespective of the 

viewing device which they are using. 

The next chapter will discuss the above requirements in more detail and consider how a 

generic EPG system can be designed for online viewing. 
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Chapter Three 

3.1 Introduction 

The literature review that was presented in the previous chapter reviewed the research that 

has been undertaken to improve the EPG systems and services offered to viewers. This 

chapter will specify the requirements that are needed to design a generic EPG system that 

can be used to serve online viewing. These requirements are based on reviewing the 

contributions of previous research and determining the gaps that should be addressed in 

order to adapt to this mode of viewing. Generally, all EPG system designs comprise a 

means of retrieving data relating to the content, analysing this data, filtering the data and 

saving the resulting information. For a generic EPG designed to serve online viewing, the 

following requirements must be met. 

1. The system can access online content from any and all online content sources. 

2. The system can understand the different metadata formats that are used by the 

different sources. 

3. The system can make recommendations based on programme content and not be 

restricted to specific channels. 

4. The system should be scalable and responsive to both the number of users and 

content sources. 

5. It should be employ contextual awareness to respond dynamically to the user’s 

environment, network and social media interactions and incorporate these into its 

recommendations. 

A generic EPG system should therefore contain a set of functions that comprise a content 

searching function, recommendation function and context-awareness function. Each one of 

these functions should then be characterized by features to satisfy the requirements and be 

implemented to provide the viewer with a list of recommended programmes that are 

collected from all the available online content sources and chosen to match their specific 

interests and viewing habits. Therefore, the next sections will discuss the requirements that 

should be met within each one of these main functions. 
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3.2 Content Searching System 

Nowadays, searching for a specific piece of online content has become tedious because of 

the huge number of online content providers and the variety of the content they serve. 

Hence searching system must be able to interface with any and all content providers. 

Moreover, those providers may provide their metadata in different formats which in turn 

means that the searching system should be able to interpret and process programme 

metadata irrespective of how it is formatted. In summary, the searching system should 

satisfy the following requirements: 

1. Scalability: the searching system should be able to connect with all the available 

online video content providers. 

2. Extensibility: the system should have the ability to include any newly added online 

content provider. This therefore means that the architecture design of the EPG 

should be flexible to allow the addition of new content providers without affecting 

the remainder of the system. 

3. Compatibility: the system should be able to communicate with all online content 

providers in spite of their differences in terms of the metadata formats they use. 

Therefore, the EPG system will need to be able to interpret and translate metadata 

to ensure compatibility across providers. 

4. Standard Format: the system should have the ability to create a standard format for 

all the retrieved content metadata to describe that content regardless of their origin. 

This will help in preparing the retrieved metadata for the next stages of data 

processing within the EPG. Additionally, such a standard format should be able to 

keep the main features defined within the provider’s existing metadata. 

5. Analysing: the system should be able to analyse the retrieved metadata to combine 

it and remove duplicates. 

3.3 Recommendation System 

Based on the existing research that has investigated the design of recommendation systems 

and how the performance of the such processes can be improved, the generic EPG should 

be able to recommend programmes that are tailored to the user’s interests and context. 

Moreover, the recommendation system should have the ability to predict what new 

programmes should be highlighted because they match the user’s viewing pattern. 
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Evidence presented in the previous chapter suggested that to achieve this, multiple 

traditional recommendation schemes will need to be embedded within the recommendation 

system. Additionally, user context and dynamic environmental features should be taken 

into account to cater for viewing content on devices other than a Smart TV. Therefore, the 

designed recommendation system should satisfy the following requirements: 

1. Automated Recommendation: the system should be able to recommend 

programmes automatically without the need for explicit feedback or ratings from 

the user.  

2. Extractability: the system should have the ability to extract the needed information 

from data collected by the searching system that will be used in the 

recommendation process. 

3. Predictability: the system should have the ability to analyse the extracted 

information in order to determine and predict programmes that should be 

recommended to the user. 

4. Content-based Recommendations: the system should be able to recommend 

programmes based on the user’s interests and preferred programmes. This in turn 

means that the system needs to maintain a record of the user’s viewing history. 

5. Collaborative Recommendations: the system should be able to recommend new 

programmes that differ from their historical viewing but that lie within their 

viewing pattern. 

6. Environmental Context: in order to design a generic EPG system that can serve 

online viewing, the user’s environmental features should be taken into account. 

This could help in recommending programmes that match the user’s viewing 

device and network connectivity. 

7. User Context: user context is one of the important features that used for improving 

the performance of recommendation systems. Therefore, the system should be able 

to use the user context (such as time, user device and network performance that is 

used by the user) into the recommendation process. 

8. Social Networks Recommendation: social networks have become a significant 

source of additional information that can be used to tailor recommendations and 

therefore, the system should have the ability to interact with social networks. 
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3.4 Context-awareness Function 

Based on the previous research, context-awareness has been used to enhance the 

performance of recommendation processes. In order to exploit context-awareness, a 

generic EPG system should be able to gather and process as much contextual information 

as possible including that which is static and dynamic. These requirements are: 

1. Collecting Contextual information: the system should be able to collect different 

types of context such as the user context, device context and network context. 

2. Scalability: the system should be able to store the context for all of its registered 

users which has implication for storage. 

3. Capability to Communicate: due a requirement for providing a connection to social 

networks, the system should have the ability to communicate with social networks 

in order to retrieve relevant contextual information that can aid its recommendation 

process. 

4. Analysing: the system should be able to analyse the collected contextual 

information and extract that which is relevant for each processing stage within the 

overall EPG. 

5. Automated System: the system should have the ability to update contextual 

information in real-time. 

3.5 Service Requirements 

In order to allow the users to enjoy and benefit from the services offered by EPG, the 

system should have features which enable it to provide an easy way to display the final 

results. These system-requirements that should be satisfied are: 

1. Variety of Devices: the system should be able to offer the same services for any 

device that has the ability to connect to the Internet and stream programme content. 

2. Timeliness: the system should offer its services without minimal impact on the 

quality of the user’s experience by ensuring that response times are as short as 

possible. 

3. Personalization: the services should be personalized such that recommendations are 

tailored to each individual user. 

4. Privacy: the system should provide user privacy for the offered services and 

recommendations. 
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5. User Interface: the EPG system should have a user interface to allow the user to 

access and interact with the services it offers in an easy communicate manner. 

 

The next chapter will describe in detail the architecture of a generic EPG system that has 

been designed to meet this set of requirements. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



CHAPTER FOUR                                                      EPG SYSTEM ARCHITECTURE 
 

79 
 

 

 

 

 

 

 

CHAPTER FOUR 

 

EPG SYSTEM 

ARCHITCTURE  

 

 

 

 

 

 

 

 



CHAPTER FOUR                                                      EPG SYSTEM ARCHITECTURE 
 

80 
 

Chapter Four 

4.1 Introduction 

Based on the system requirements that have been discussed in the previous chapter, this 

chapter will describe in detail the proposed system architecture and design that can deliver 

a generic online EPG and satisfy the stated set of requirements. The system block diagram 

will be discussed by showing each part separately and describing the functionality of each 

block individually. Thereafter, the overall block diagram will be shown and the connection 

between the different parts will be illustrated. 

4.2 General System Architecture 

The system has been designed based on the experience and results of previous research 

that was presented in chapter two. Three core functions are implemented to serve a 

recommendation, searching and context-aware process. According to the previous 

requirements, a search system should be developed to access any and all the online content 

sources and handle the different metadata formats they use. Additionally, different types of 

information should be collected about the user which includes their interests, context, 

viewing pattern, viewing environmental features and the interests of their social network 

friends. This information will be used in personalizing the recommendations that are 

generated by the system. Figure 4.1 presents a high level block showing the core functions 

of the EPG system. 
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Fig. 4.1 Overview of the Proposed System 
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The proposed system consists of a content searching module, recommendation module, 

context-aware server and database server. The next sections will describe these main 

components separately with a detailed explanation for each component and its internal 

design. 

4.3 Content Searching Module 

The content searching module is the most important part in our proposed system. Due to 

the differences in metadata used by online content sources and their respective application 

programming interfaces (API), the main concept of the searching module is to provide 

multiple search agents where each agent connects to one specific online content source.  

The search agent is analogous to a TV tuner where it allows the system to receive and 

translate the retrieved information from each source. These search agents are then 

controlled by a search agent leader, which controls the overall searching operation and 

prepares the receieved metadata for the next stages. All of the different metadata formats 

that are used by the online providers are converted into a unified internal format which is 

used within the remainder of the EPG system. 

An API approach is an architectural approach that revolves around providing 

programmable interfaces to a set of services to different applications serving different 

types of consumers. When used in the context of web development, an API is defined as a 

set of Hypertext Transfer Protocol (HTTP) request messages, along with a definition of the 

structure of a response message, which is usually in an Extensible Markup Language 

(XML) or JavaScript Object Notation (JSON) format (Basic Knowledge, 2015). Therefore, 

each search agent contained an interface block which ensure the interface with a specific 

online content provider. This block contains a progam to give the system the ability to 

communicate (send requests and receive responses) with each online content source. 

Each search agent consists of a search engine and interpreter as shown in figure 4.2. Each 

search engine receives a set of search keywords from the search agents’ leader. Thereafter, 

the interpreter has a dual operation which is to convert the search keywords into a format 

that can be recognized by the online content source and then to convert the returned search 

results into a standardised format that can be used within the remainder of the EPG system. 

The conversion operation consists of two stages. 
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Fig. 4.2 Content Search Module 
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The first stage is to convert the retrieved metadata format from its raw form into XML 

format. This stage is implemented in the interpreter which is located within each search 

agent where it reads the raw metadata and extracts the key features of each programme. 

These key features are listed in Table 4.1. More details about these features will be 

displayed in the next subsection. The second stage is to convert the XML files which 

contain the programme’s metadata into a matrix which contains the key features of each 

programme. The search agent leader implements this operation by reading the XML files 

and creates a matrix for each programme consisting of 21 rows where each row represents 

a specified programme’s key feature. 

 

No. Feature Definition 

1 Title represents an identifying name given to a file or play or 

series. 

2 Synopsis/Description represents the words that use to explain the movie idea and 

clarify its context. 

3 Genre represents the categorization according to the setting of 

programme such as romantic, comedy, horror, cartoon, war, 

etc. 

4 Type represents the type of programme such as movie, news, 

show, documentary programme, series, etc. 

5 Length of Content represents the duration of the required content which might 

be short or long according to the user preferences. 

6 Date represents the date of publishing the programme or movie to 

the audience or on TV. 

7 Popularity (Ratings) represents the rate of the programme depending on the 

opinion of other users (previous ratings).  

8 Format represents the format of the video file (extension of the 

video file) which should be compatible with the user device. 

9 Resolution represents the definition of the picture or image such as 

Standard Definition, High Definition, etc. 

10 Language Represents the language of the required movie or play or 

series such as English, Chinese, French, etc. 
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11 Country represents the country of movie or programme required by 

the user. 

12 Producer’s Name represents those who prepare and then supervise the making 

of a film, and they may be an independent person or product 

company. 

13 Actor Represents the leading actor or actress (star) who plays the 

protagonist of a film or play or the singer of specified song. 

Sometimes it refers to the largest role in the film. 

14 Director represents the person who directs the making of a film. 

15 Cast represents the actors who were not playing main roles or 

parts in the film or programme. 

16 Subtitle represents a dialogue or commentary in a film or any TV 

programme and usually displayed in the bottom of the 

screen and it can be to a foreign language or the same 

language. 

17 Author represents the writer name. 

18 Parental Level represents the restrictions on what the kids can or cannot 

watch. 

19 Age represents for which target age group that this programme is 

focused. 

20 Gender represents the gender of the user. 

21 Available represents a tag defining either this programme or movie is 

available now or in another time. 

 

Table. 4.1 Programme Metadata Features 

 

The search agent leader receives the search keywords from two locations, either from the 

context-aware module or from the availability functional block. The keywords that come 

from the context-aware module represent the titles of the watched programmes and the 

user preferences that have been provided by the user directly. The keywords that come 

from the availability functional block represent the titles of the programmes that have been 

recommended to the user from interactions with social networks or the clustering groups 
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(more details will be discussed in the next sections). Thereafter, the search agent leader 

forwards those keywords to all of the interpreters that are located in the search agents. 

The search agent leader is programmed to receive search results from all of the search 

agents irrespective of how many there are. Therefore, when any new online content source 

is added to the system, all that is required is to develop a new search agent module with its 

functional parts (which includes a search engine, interpreter and interface). In this way, the 

system architecture is extensible and there is no need to change any other parts of the 

system when an extension of this type is required. 

Having collected the responses from each search agent, the search agent leader sends the 

search results to the parser which contains two operations. The first operation is to 

combine the programmes’ metadata matrices into a single matrix. This matrix named the 

content matrix and belongs to a specified user. The content matrix contains all of the 

programmes that are relevant to the target user and which also includes the programmes 

that have resulted from the different search operations carried out in the previous days. 

Each column of this content matrix represents a programme’s metadata that itself consists 

of 21 key features. Thereafter, the content matrix is forwarded to the second operation 

which is to find the similar content and remove duplicates. This operation is needed to 

avoid repeating the same programme information in the database storage area. After this, 

the content matrix is stored in the content database server from where it is used by the 

remainder of the EPG system. 

4.3.1 Extracting Metadata 

Metadata is generally defined as data about data. It is textual information that is used to 

ensure that the contents of a file can be identified correctly. However, programme 

metadata can be divided into two categories; structural metadata and descriptive metadata. 

Structural metadata describes the technical format of the file itself which is usually added 

automatically. On the other hand, descriptive metadata includes information which will be 

read by the users of the file and is usually added by the producer of the file (ITV, 2015). 

However, it is important to note that content providers adopt different schemes to describe 

their content. Therefore, to achieve that, seamless interoperability standards should be 

developed that could be used for representing programme metadata. Interoperability means 

that any metadata provider using the standard representation would ensure that their 
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content is appropriately interpreted and processed on different platform implementations. 

As an example, the TV-anytime forum has adopted an XML-based and MPEG-7 

Description Definition Language (DDL) as its representation format for metadata as shown 

in figure 4.3 (ETSI, 1983; Evain, 2000). 

 

 

Fig. 4.3 XML-Based Metadata Example (ETSI, 1983) 

 

However, these standardizations and structure are not used by everyone and certainly not 

by the online content providers. In fact, the set of online content providers adopt different 
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structures and formats in defining their programme metadata. Figure 4.4 shows the 

metadata format that is used by YouTube which is written in JSON format. Therefore, a 

key part of our research has been to investigate and analyse the metadata formats used by 

different online content providers such as BBC i-Player, ITV Player, Netflix, YouTube and 

IPTV systems (Netflix, 2016, Linux Centre, 2010, Open IPTV Forum, 2014, YouTube, 

2014). 

 

 

 

Fig. 4.4 YouTube Metadata 

A comparison has been made between provided metadata by several online and metadata 

providers by examining the features that are included in the metadata and the way of 

defining these features by those providers. Table 4.2 describes the programme’s features 

that are included in the metadata provided by the examined online content providers and 

IPTV’s EPG standardization. 
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Based on the information that has been extracted from these providers, a unified format 

has been developed and adopted in our generic EPG design. This unified format represents 

the programme metadata as a matrix of 21 key features as shown in Table 4.1 which 

describes each programme. Inevitably, the features which are included in the unified 

format are not found in every online content provider’s existing metadata. However, the 

EPG system has been designed to compensate for any missing elements. That means, the 

system can describe the programme with the available features even some of the features 

are missed. More details will be explained in the implementation sections. 

Each parameter (of the 21 parameters) in the features’ matrix can include multiple terms. 

As an example, the genre feature can include cartoon, comedy and adventures in the same 

feature where this programme could be recommended for any one of those genres. 

Similarly, other features have multiple terms such as resolution, format, type, actor, cast 

and so on. Note that features such as these require more processing. As an example, the 

programme title has two terms which are the main title (keyword) and the long title. 

Therefore the searching operation uses the main title, such as searching for programmes 

relevant to “Top Gear” while the matching operation that is applied in the recommendation 

module uses the long title such as (Top Gear: Series 24: Episode 12). Therefore, in the 

searching operation, the system will search for programmes relevant to the keyword and 

thereafter, the matching operation will compare the long title of each programme and 

remove any similar episodes. 

Note that for features that contain multiple terms such as genre (which could be defined as 

a drama, romance and adventures), the system applies the matching operation that 

examines all terms with the programme’s genre parameter. Therefore, the programme 

could be recommended for three different types of genre. In this way, the system will not 

repeat this programme three times. Similarly, this applies for all the other feature 

parameters which could contain multiple terms. The system can also recognizes similar 

programmes that are retrieved from different online sources because the location of the 

programme is removed from the matching operation. 

This unified format is used in different operations within the system such as storing 

content information, specifying the viewing history, matching operations and the 

recommendation process. This flexability in the design of the searching module allows the 
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system to be generic with the ability to retrieve programme metadata from all online 

content providers. 

4.4 Recommendation Module 

The second main module in the proposed system is the recommendation module. Based on 

the experience and results of other researchers arising from the research covered in the 

literature review, multiple recommendation approaches have been employed in this 

module in order to enhance the recommendation process and provide the user with 

recommendations that are better tailored to their interests and preferences and which 

reflect the current viewing environmental features. Those approaches are content-based, 

collaborative filtering and context-awareness supplemented by an integration with social 

networks. Figure 4.5 shows a block diagram of the recommendation module. Three lists of 

recommendations are generated in this module. These lists are user preferences (based on 

user viewing history), user cluster (based on collaborative filtering approach) and social 

network recommendations (based on user’s friends in social networks). 

4.4.1 User Viewing History 

The first list of recommended programmes is created based on the user’s viewing history. 

This is done by matching the programmes’ metadata which is saved in the content matrix 

(in the content database server) with the user’s viewing history which is saved in the 

context-aware module. Here, both the programme’s metadata and user’s viewing history 

are represented by matrices. 

The programmes’ metadata columns represent the resulting programmes from searching 

operation based on viewing history plus the programmes that have been resulted from 

previous searching operations while the user’s viewing history columns represent the 

programmes that have been watched by the user. The viewing history reflects the user’s 

viewing pattern and what the user likes to watch at the different hours during the day. 

More details about the user’s viewing history will be discussed in the context-aware 

module section. The matching operation is implemented by calculating the similarity 

between each column in the programmes’ metadata and each column in the user’s viewing 

history. The similarity is calculated by different methods and so the next section contains a 

brief illustration of the similarity measurements and some of the common methods which 

are used in similarity calculations. 
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Fig. 4.5 Recommendation Module 
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4.4.1.1 Similarity Measures 

Similarity measures are defined in statistics as a real-value function that quantifies the 

similarity between two objects. This measure reflects the degree of closeness of two 

objects in each feature when those objects are represented by group of features. Similarity 

measurements are needed for clustering, classification, feature selection and searching. 

Similarity measures are in effect the inverse of distance metrics which calculate the 

distance between two objects when those objects are represented by vectors. However, 

similarity measures have different categories depending on the data type that is used to 

represent the objects such as binary variables, quantitative variables or symbolic 

descriptions. As an example, similarity measures map the similarity between the symbolic 

descriptions of two objects into a single numeric value. However, there is no measure that 

is universally best for all kinds of objects. Different methods are used to measure the 

similarity or the distance between any two objects. The following are some of these 

methods that are used to measure the similarity between two objects when those objects 

are represented as vectors. 

4.4.1.1. a Cosine Similarity 

Cosine similarity is one of the most popular methods that is used to measure the similarity 

especially in information retrieval applications and clustering. The similarity corresponds 

to the correlation between the vectors that represent objects. Here, vector represents a 

collection of objects (vector space) which may be added together or multiplied by 

numbers. This is quantified as the cosine of the angle between two vectors, hence, cosine 

similarity. To calculate the cosine similarity, equation 4.1 is used where the two vectors of 

the target objects should be given. 

𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =
A∙B

|A|×|B|
=

∑ 𝐴𝑖𝐵𝑖
𝑛
𝑖=1

√∑ 𝐴𝑖
2𝑛

𝑖=1 √∑ 𝐵𝑖
2𝑛

𝑖=1

                                      …………….. Equation 4.1 

 

Where A and B are the vectors while 𝐴𝑖 and 𝐵𝑖 are components (objects) of those vectors. 

As a result, the cosine similarity is non-negative and bounded between [0, 1]. 
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4.4.1.1. b Jaccard Coefficient 

The Jaccard similarity coefficient, also known as the Jaccard index, is a statistic used to 

compare the similarity of objects or sets. Jaccard coefficient measures the similarity as an 

intersection (number of objects which are shared between both sets) divided by the union 

of the sets (shared and un-shared objects) as defined by equation 4.2. 

 

𝑆𝐼𝑀𝐽(𝐴, 𝐵) =
|𝐴∩𝐵|

|𝐴∪𝐵|
=

|𝐴∩𝐵|

|𝐴|+|𝐵|−|𝐴∩𝐵|
                                         …………………Equation 4.2 

 

Where 𝐴 and 𝐵 are the objects or sets. For a text document, Jaccard coefficient measures 

the similarity as comparing the sum weight of shared terms to the sum weight of terms that 

are exist either of the two documents but are not the shared terms. Its range is bounded 

between [0, 1]. 

4.4.1.1. c Pearson Correlation Coefficient 

The Pearson Correlation coefficient is a measure of the linear correlation between two 

vectors. Unlike the other similarity measures, the Pearson correlation coefficient value is 

bounded between [+1, -1] where +1 means that the two vectors are similar. There are 

different forms of the Pearson correlation coefficient formula, but when applied to a set of 

data the common formula used is represented by equation 4.3: 

 

𝑆𝐼𝑀𝑃(𝐴, 𝐵) =
∑ (𝐴𝑖−𝐴̅)(𝐵𝑖−𝐵̅)𝑛

𝑖=1

√∑ (𝐴𝑖−𝐴̅)2𝑛
𝑖=1 √∑ (𝐵𝑖−𝐵̅)2𝑛

𝑖=1

                                          …………….Equation 4.3 

Where 𝐴 and 𝐵 are vectors of  𝑛  dimentions and 𝐴𝑖 and 𝐵𝑖 are the components of those 

vectors. 

𝐴 =  {𝐴1, 𝐴2, 𝐴3, … . . , 𝐴𝑛}                                                           ………………Equation 4.4 

𝐵 =  {𝐵1, 𝐵2, 𝐵3, … . . , 𝐵𝑛}                                                               …………….Equation 4.5 

𝐴̅ =
1

𝑛
∑ 𝐴𝑖

𝑛
𝑖=1                                                                               ……………….Equation 4.6 
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𝐵̅ =
1

𝑛
∑ 𝐵𝑖

𝑛
𝑖=1                                                                                ………………Equation 4.7 

Note that 𝐴̅ and 𝐵̅ are the sample mean of  𝐴 and 𝐵 respectively (Adomavicius & Tuzhilin, 

2005; Huang, 2008). 

4.4.2 User Clusters 

The second list of recommended programmes is created using the collaborative filtering 

technique. This is done by clustering users into several groups which bring together all the 

viewers who have a similar viewing pattern. The recommendation module retrieves the 

required information from the context-aware module. This information includes the 

categories of the watched programmes which are stored in the viewing history of each 

user. The proposed system currently defines 36 programme categories as shown in table 

4.3. These categories are specified based on information collected from different online 

content sources such as BBC-iPlayer, YouTube, The Movie Database and Dailymotion. 

Table 4.4 shows the categories that are used in these online content sources. Note that, 

some of those categories have been converted to obtain a unified set of categories which 

are used within the EPG system. However, the system has the ability to add any new 

category to the defined group of categories if a user selects a programme with a category 

not included in this group. Thereafter, the system applies a clustering algorithm where 

each group includes the most similar users in their selected categories. The next section 

describes examples of the clustering algorithms that are used for this purpose. From these 

groups, the system determines the programmes that have been watched by each group and 

suggests programmes from this group for the target user which they haven’t yet watched. 

Figure 4.6 provides a block diagram of the user clustering process. 

Then, the system checks the list of recommended programmes for each user in the content 

database server to decide if those programmes are already available or that they should be 

searched for in online video content sources. The programmes that are already exist in the 

content database server (content matrix) are saved in the user profile in the context-aware 

module (more details will be described in the context-aware module section) while the 

programmes that do not exist in the content database server are forwarded to the search 

agent leader to search the online video content sources. The same steps are applied for 

searching those programmes as described previously in the content search module. The 

programmes that are resulted from the search operation are stored in the content database 
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server (in the content matrix that belongs to the target user). Thereafter, a list of those 

programmes is forwarded to the user profile to join the first group (those programmes that 

are found in the content database server before searching the online content sources) and 

be ready to be displayed to the user when they login to their EPG. 

 

No. Category No. Category 

1 Autos/Vehicles 19 Weather 

2 Comedy 20 News 

3 Factual 21 Animals 

4 Movies 22 Short Movies 

5 HowTo/Style 23 Gaming 

6 People 24 Videoblogging 

7 Shows 25 Entertainment 

8 Action/Adventure 26 Science/Technology 

9 Romance 27 Classics 

10 Documentary 28 Family 

11 Drama 29 Foreign 

12 Sport 30 Scientific Fiction 

13 Travel/Events 31 Thriller 

14 Shorts 32 Trailers 

15 Music 33 History 

16 Horror 34 Western 

17 Animation 35 Religion and Ethics 

18 Learning 36 Children 

 

Table 4.3 List of Used Categories 
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BBC iPlayer YouTube TMDB Dailymotion 

Children Film & Animation Action Movies 

Comedy Autos & Vehicles Animation Travel 

Drama Music Crime Webcam 

Entertainment Pets & Animals Drama Celeb 

Factual Sports Fantasy Lifestyle & Howto 

Learning Short Movies History News 

Music Travel & Events Music Music 

News Gaming Romance Creative 

Religion and Ethics Videoblogging TV Movie Sports 

Sport People & Blogs War Tech 

Weather Comedy Adventure TV 

 Entertainment Comedy Comedy & Entertainment 

 News & Politics Documentary Cars 

 Howto & Style Family Gaming 

 Education Foreign Animals 

 Science & Technology Horror Education 

 Movies Mystery Kids 

 Anime/Animation Science Fiction  

 Action/Adventure Thriller  

 Classics Western  

 Documentary   

 Drama   

 Family   

 Foreign   

 Horror   

 Sci-Fi/Fantasy   

 Thriller   

 Shorts   

 Shows   

 Trailers   

 

Table 4.4 Online Content Sources’ Categories 

 



CHAPTER FOUR                                                      EPG SYSTEM ARCHITECTURE 
 

97 
 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.6 Users’ Clustering Process 

 

4.4.2.1 Clustering Algorithm 

Clustering is defined as grouping a set of objects in such a way that similar objects in some 

sense are grouped together in the same cluster. This can be achieved by various 

algorithms. One of the popular concepts in clustering is to measure the distance among the 

cluster members. Cluster analysis is not a one specific task, but it is an iterative process of 

knowledge discovery that involves trial and failure. This sub-section will give two 

examples of the simplest algorithms that are widely used in the clustering process.  

4.4.2.1. a K-Means Clustering  

K-means is one of the simplest learning algorithms for clustering and is popular in data 

mining. The main idea of K-means is to define k points (centroids) with one for each 

cluster. These centroids should be located as far as possible from each other in the area of 

data set where Euclidean distance is calculated between each centroid of clusters. Then, 
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each point belonging to the given data set will be taken and associated with the nearest 

centroid. The first step is completed when all the points which belong to the data set are 

included in the clusters. Thereafter, new k centroids will be calculated which should be 

different from the centroid used in the previous step. Again, a new binding will be done 

between each point in the data set and these new centroids. The same steps will be 

repeated (as a loop) until no more changes in the location of the specified centroids accur 

which means that centroids do not move any more. The quality of clustering is determined 

by the error function described in equation 4.8: 

 

𝐸 = ∑ ∑ |𝑖𝑙 − 𝑤𝑗|
2

𝑖𝑙∈𝐶𝑗

𝑘
𝑗=1                                                              ……………..Equation 4.8 

 

Where 𝑖𝑙 is the data point, 𝑙 ∈ {1,……,n}, 𝑤𝑗 is the cluster centre, 𝑗 ∈ {1,…..,k} and 𝐶𝑗 is 

the jth cluster (Alsabti, Ranka, & Singh, 1997; Ding & He, 2004; Likas, Vlassis, & 

Verbeek, 2003). 

4.4.2.1. b K-Nearest Neighbour 

K-nearest neighbour is an algorithm that stores all the available cases and classifies the 

new cases based on the similarity measurements with those previous cases. Its input 

consists of the K closest cases in the feature space while the output is the class member. 

The main idea of K-nearest neighbour is to identify the k nearest neighbours to any new 

case or object in order to estimate its class. This could be achieved by measuring the 

similarity (as an example distance measure) with exist cases by specifying the value of K 

which represent the number of required nearest neighbours in that algorithm. Then, based 

on the number of nearest neighbours, a decision is made for that case or object where it 

will be considered to belong to the class which has more nearest neighbours to that new 

case or object than the other classes (Theodoridis & Koutroumbas, 2003). Note that these 

algorithms are used in collaborative filtering approach for clustering users into groups 

based on clustering criteria such as programme’s category. 
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4.4.3 Social Networks Recommendations 

The third list of programmes results from integration of social networks into the 

recommendation process. Social networks add an important contribution to the 

recommendation process by supporting the recommendation system with another source of 

information which in this case is a list of programmes that have been suggested by a user’s 

friends. This has been done through creating an application that runs within a specific 

social network and which asks the user to join. This application then retrieves information 

relevant to the programmes that the user has tagged as “like”, “watched” or “want to 

watch” within their profile. Additionally, the application retrieves the user’s list of friends 

and from those friends’ profiles, the application retrieves a similar set of programme 

information. All the information will be listed under a ‘nickname’ created by the user 

during their registration operation while the system will use an ID number (defined within 

the social network) to recognize each user. 

The EPG system therefore requires an interface with each social network to retrieve the 

required information. Figure 4.7 shows the block diagram for how the EPG connects to a 

social network. The system translates the retrieved information through the interpreter into 

the unified format (the same format used in the system which created in the content search 

module). This makes analysing and merging the information easier. The retrieved 

information includes the titles and categories of movies and TV shows that have been liked 

or watched by the user and their friends (but only the friends who joined the application). 

Additionally, it includes the movies that the user and their friends tagged as “want to 

watch”. Hence, the same concept as used for the content search module applies here in that 

expanding the EPG to handle inputs from multiple social networks only requires the 

addition of an interface module for each social network that is to be added. Social 

networks, like content providers, use different formats for presenting their information 

through their own bespoke API. 

The system then analyses the resulted information from the interpreter to find the titles of 

programmes that have been mentioned through the social network. This list of titles must 

then be checked through a ‘checking availability block’ to identify whether any of them is 

already contained within the content database server. This database server contains the 

programmes that have been searched and located previously. More details will be provided 

about the content database server in the next section. For those items that are not found in 
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the content database server, the availability block sends a list of required programmes to 

the search agent leader to search for relevant programmes in the online content providers. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.7 Social Network Contribution 

 

Additionally, the system analyses the retrieved information to determine the number of 

friends who have common liked or watched programmes. This information is used in 

ranking programmes in the final list that is displayed to users. The list of programmes, 

which is created based on the social network contribution, is stored in the user matrix 

contained within the context-aware module. Note that, the list of programmes will contain 

only the number of friends who watched or recommended this programme within the 

social network and not any information about the friends themselves. Despite the fact that 

several researchers have shown the benefits of knowing the identity of the person making a 

recommendation, such as the study by Bonhard (Bonhard & Sasse, 2006), a decision has 



CHAPTER FOUR                                                      EPG SYSTEM ARCHITECTURE 
 

101 
 

been taken to not reveal this within the EPG. The reason of this is to provide more privacy 

and to take into account that not all users are willing to share their viewing information. 

On the other hand, if the user doesn’t have a social network account or doesn’t join the 

application within the social network for any reason, the system will continue to create the 

recommended list of programmes based on the other recommendation schemes. Similarly, 

for the cold-start problem, the system will depend on the collaborative filtering technique 

only to recommend programmes for the user when the system has no information about the 

user’s viewing history. 

This list together with those that have been created based on the other recommendation 

schemes is then filtered according to the user’s environmental features. This is done by 

installing an application in the user device to extract information relevant to the viewing 

device and the connected delivery network. For example, the application provides the EPG 

system with information about the device type, screen resolution and available network 

bandwidth. More details will be mentioned about retrieving the user environmental 

features in the context-aware module. 

In order to reduce the perceived time for recommending programmes for users, the EPG 

system has been designed to perform the search and recommendation operations as 

background tasks whilst the user is logged off. The only operation that is performed when 

the user logs onto the EPG is filtering of the final programme lists according to the 

environmental features. 

4.5 Context-aware Module 

The context-aware module is responsible for collecting and saving information required 

for the recommendation process. Figure 4.8 shows the main functional blocks of the 

context-aware module. It consists of a context-aware manager, information retrieval 

manager and user database server. The context-aware manager records each programme 

that has been watched by a user and saves it in their viewing history. The context-aware 

manager is responsible for creating the user matrix. This matrix includes the user’s 

viewing history and other information relevant to the user such as the information retrieved 

from the social networks, the recommended list of programmes created by the different 

recommendation schemes and information resulted from the analysing processes such as 

the selected programmes’ categories (which are used in users clustering) or user’s 



CHAPTER FOUR                                                      EPG SYSTEM ARCHITECTURE 
 

102 
 

preferences (keywords). Hence, the context-aware manager has an internal connection 

with most of the other parts of the EPG architecture because all these other parts either 

produce information that should be saved in the user matrix or require some information 

that is generated by the context-aware manager. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.8 Context-aware Module 
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The context-aware manager is connected to each social network in order to save retrieved 

information following the translation operation. That includes the user name, user ID, liked 

and watched items, list of friends and the friends’ liked and watched items. The context-

aware manager analyses the collected information to find items that are common and 

different between the user and their friends. Moreover, it determines the number of friends 

who liked or watched a specified item in order to give this item a higher rank in the 

recommended list. All of this information is stored in the user matrix which used in the 

recommendation operation. 

Additionally, the context-aware manager is connected to the clustering process to define 

the users who are in the same group as the user and from those to collect programmes to 

recommend. Thereafter, the recommended list of programmes is saved in the user matrix 

which is displayed to the user when they log into the EPG system. Moreover, the context-

aware manager is connected to the matching operation block where the recommendations 

based on the viewing history are created. The context-aware manager provides information 

about the user’s viewing history which is saved in the user matrix and classified into 24 

parts where each part covers one hour per day. In this way, a user’s viewing pattern will be 

specified according to what they prefer to watch at each hour. Then, after completing the 

matching operation, the recommended list of programmes is classified as a 24 column 

matrix where there is a recommended list of programmes for each hour of the day. These 

recommendations will also be saved in the user matrix. Furthermore, the context-aware 

manager is connected to the filtering block to provide information about the user’s viewing 

device and network connectivity. 

The context-aware manager is also connected to the content search module to provide the 

search agent leader with the titles of programmes that should be used to search the online 

video content sources. Furthermore, the context-aware manager receives the search 

keywords that are provided directly by the user through the information retrieval manager 

and forwards them to the search agent leader. 

The user matrix information is stored in the user database server which is located in the 

context-aware module. This matrix includes permanent information, such as the user name 

and user ID, and variable information such as the viewing history, information and 

recommendations from friends. The variable part is reviewed, and potentially changed, 

daily when the user uses their EPG resulting in the viewing history being updated and also 
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as a result of changes in the environment features. The information retrieval manager 

retrieves information relevant to the user device and network connectivity when the user 

loge onto the EPG. The information retrieval manager forwards information about the 

user’s environmental features to the context-aware manager to use for filtering the final 

lists of recommended programmes to ensure such programmes match the user’s device and 

network bandwidth and thus, filter out un-matched programmes. Moreover, any change or 

update to the user information done by the user themselves within the EPG is forwarded 

through the information retrieval manager. 

The proposed EPG is designed to personalize the recommendations for each user, 

therefore, each user needs to have their own account (own EPG) within the EPG system. 

The designed EPG updates the user’s viewing history automatically each time the user logs 

on to the EPG and watches a programme. This information is sent to the context-aware 

module through the information retrieval manager and is saved in the user’s viewing 

history and updates all of the related information such as programme categories which will 

be used later when clustering the users. 

4.6 Content Database Server 

The content database server is responsible for storing the searched programmes that result 

from the different search operations. The content database server is connected to two parts 

in the overall EPG system namely, the content search module and the recommendation 

module. All the metadata of programmes which result from the search operations are 

stored in content database server. The programmes metadata is stored in the content 

database server using the unified format which was described previously in Table 4.1. 

Therefore, each user has a specified group of programmes in the content database server. 

Furthermore, the content database server is connected to two blocks in the 

recommendation module namely, matching operation and availability block. The matching 

operation block is connected to the content database server to find those programmes that 

are most similar to the user’s viewing history. The availability block is connected to the 

content database server to check whether the recommended lists of programmes created 

from the clustering groups and social networks are available in the content database server. 

The system is designed to remove the programmes from the content database server that 

have been stored and not accessed for one month. The same operation is performed on 
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items in user viewing history where items that have been watched one month ago are 

removed. These removal processes are important for managing potential data overload 

problems arising within the content database server as will be shown in the next chapter. 

A complete system architecture for the whole EPG system is presented in figure 4.9. 

4.7 Summary 

In summary, the proposed architecture offers the following key: 

1. The content search module is connected to multiple online content providers where 

the different metadata formats used by those providers are converted into a defined 

unified format that is used within the remainder of the system.  

2. Social networks have been exploited in supporting the recommendation process 

where a list of programmes is compiled that is relevant to the user’s profile and 

programmes watched or recommended by their friends. 

3. The recommendation operation is based on multiple recommendation techniques 

which also take into consideration the user’s viewing environment. 

4. The system is centralized as a cloud service where all the operations have been 

implemented in a main server. 

5. The flexibility of the system through a modular architecture, where the system has 

the ability to include any expansion in the number of online content providers or 

social networks without changing the main structure of the system. 

6. Reducing the perceived time for creating the EPG due to implement the searching 

operations and recommendation processes as background tasks whilst the user 

logged off. 

7. Providing a personalized EPG for online viewing by integrating the user’s viewing 

history, their social network relationships and local environment features and 

context. 

8. The EPG provides the user with option of searching for programmes that match a 

particular keyword. 

The next chapter discusses the implementation of this EPG system and explains how the 

different functional blocks have been created for evaluation purposes. 
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Fig. 4.9 Overall System Configuration 
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Chapter Five 

5.1 Introduction 

This chapter presents the implementation of the EPG architecture described in the previous 

chapter and explains how the functionalities of the system blocks have been realised. The 

different parts of EPG system have all been implemented using a combination of Matlab 

and software written in PHP as described in the sections which follow. 

5.2 Content Search Module 

As previously shown in figure 4.2, the content search module handles multiple online 

video content sources. Implementation of this has focused on accessing BBC-iPlayer, 

YouTube, Dailymotion and The Movie Database as examples of online video content 

sources. Except for BBC-iPlayer which represents its metadata in XML format, the other 

sources provide their metadata using JSON format. 

In order to communicate with these sources through their APIs, PHP code has been 

developed to retrieve the required programme metadata from each source and translate it 

into the standard used within the EPG and to save it in XML which is subsequently used 

by the other modules. This PHP code has been developed for each online content source 

and its function is to translate search keywords that are received from the search agent 

leader to an appropriate format which can be sent to the online content source through its 

associated API. Thereafter, the PHP code analyses and translates the retrieved programme 

metadata into XML and saves the results in a file which contains the required programme 

features that were discussed previously in Table 4.1. Figure 5.1 shows an example of raw 

metadata that was retrieved from The Movie Database through its API written with JSON 

while figure 5.2 shows the same metadata but after the analysing and translation operations 

that have been implemented using the PHP code (the search agent). As shown in figure 

5.1, this piece of information contains many details including some pictures (those ended 

with extension .jpg) and numbers belong to the online content source. Therefore, this 

information should be treated in order to extract the required metadata. For example, the 

title (Happy Feet) is located in front of the bracket [original_title] (at the end of the 

seventh line) while there are two categories (Animation and Comedy) which are located in 
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front of the bracket [genres] (at the end of the forth line). It is clear that there are two 

arrays in that bracket, “0” which is “Animation” and “1” which is “Comedy”. 

 

 

 

Fig. 5.1 Retrieved Programme Raw Metadata From The Movie Database Source 

 

 

 

Fig. 5.2 Retrieved Programme Metadata After Analysing and Translation Operation 
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Figure 5.3 shows a part of The Movie Database Interface PHP code for extracting the 

categories from the retrieved metadata. The first group of commands is used for sending 

the first request which includes the search keywords and decoding the response (which 

represented in JSON format) in order to read the Movie ID.  The second group of 

commands is used to send the second request which includes the movie ID and decode the 

response to read other moive details. Note that for categories, a loop has been created for 

reading all the available categories within the movie metadata. Thereafter, the third group 

is for changing some of the category’s names in order to match the unified format which is 

used within the EPG system. 

 

 

Fig. 5.3 Part of The Movie Database Interface PHP Code for Extracting the Categories 
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Each PHP code has to be different for each content provider according to the API 

commands and metadata used format. The code is divided into several parts where each 

part is responsible for a specific task such as get the authentication to communicate with 

the online source, send the request command, receive the response, analyse the retrieved 

information and translate the programmes metadata. Appendix I, II, III and IV contain the 

complete PHP code that has been developed for each selected online content source. 

Within the overall EPG system architecture, this PHP code represents the search agent 

which is the only part of the overall system which has to be variable because it needs to be 

created for each new online content source connected to the system. Note that in order to 

communicate with the online sources, an Apache web server has been installed and 

configured. Moreover, different methods have had to be used to establish the 

communication with these content sources through their API. For YouTube, an account in 

the YouTube developer section had to be created to obtain a developer key to use in 

requests for retrieving the programme metadata. Figure 5.4 shows an example of a part of 

PHP code which used to communicate with YouTube web site showing how this code 

includes where each part is responsible for specified task. 

As shown in figure 5.4, the first group of commands is used to recall the required functions 

that needed to initiate the connection with YouTube server. These functions are located in 

the installed Apache web server location. The second group of commands represents 

recognizing the authentication key to ensure that this request is authorised by the developer 

section. Thereafter, the third group of commands initiates the request to YouTube by 

sending the keywords through a search command with specifying the number of required 

search results (number of videos that match the search keyword). Finally, the last group of 

commands is used to read the retrieved metadata and extract the required items. 

On the other hand, the GET_IPLAYER software has had to be installed in order to 

communicate with the BBC-iPlayer web site and retrieve the required metadata from it. 

Figure 5.5 shows the start of the PHP code that used for that purpose. Again, the PHP code 

is divided into several parts to implement specified tasks. The first group of commands in 

this code represents creating the required requests that are used in GET-IPLAYER 

software to search for programmes relevant to a particular keyword. Then, after 

implementing the batch file that contains the requests, the second group of commands 

specifies the number of result’s files where each programme is represented by separate 
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file. The third group is used to read and extract the required metadata parameters. A full 

listing of this PHP code is presented in Appendices I. 

 

 

Fig. 5.4 Part of YouTube Interface PHP Code 

 

Both Dailymotion and The Movie Database web sites provided a free API that can be used 

for retrieving metadata after having created an account in their websites. However, 

creating a search agent does not affect the other parts of the system because other online 

content sources will still work normally. Moreover, even when one of those sources has a 

problem that affects its connectivity with the system, the other sources still work and the 

EPG still receives metadata from the nonfaulty online sources. 
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Fig. 5.5 Part of BBC-iPlayer Interface Code 

 

All of these search agent modules (PHP code) work simultaneously with the same search 

keywords being sent by the search agent leader to them to search the connected online 

sources for any relevant programmes. Then, after searching the connected online content 

sources and translating and saving the results in files as shown in Fig. 5.2, the search agent 

leader reads those files to extract the required information. The function of the search 

agent leader has been created in Matlab to read the files that are generated by each PHP 

search agent module and then create the programme matrix. Figure 5.2 shows the XML 

metadata that is output from the associated search agent and then figure 5.6 shows how 

this is presented after passing through the search agent leader. 



CHAPTER FIVE                        IMPLEMENTATION AND FUNCTIONAL TESTING 
 

114 
 

       

Fig. 5.6 Programme Matrix 

 

Note that the missing programme features are replaced with “Null” in the programme 

matrix. Each programme that results from the searching operation is represented by a 

matrix as in figure 5.6 regardless of which online source they come from. Thereafter, all of 

these programmes are forward to the parser (which is also implemented within Matlab). It 

consists of two parts: the combiner and parser. The combiner is used to combine all the 

programme matrices into one matrix where each programme is represented by a column in 

this matrix. This matrix is then sent to the parser to remove any duplicates by checking for 

and removing similar columns. The last step of the searching operation is to save the final 

matrix which contains all the programme metadata obtained from the search operation 

(which is called the content matrix) in the content database server. Figure 5.7 shows a part 

of Matlab code that responsible for combining the new content that resulted from a search 

operation and checking and removing the duplicates before saving the final results in the 
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content matrix. The full Matlab code for the combiner and parser are listed in Appedix 

((VI-Implicit Function) Create VH Searching Content MAT). 

 

 

 

Fig. 5.7 Part of Matlab Code Represents the Combiner and Parser 

 

The search agent leader receives keywords from the EPG system and forwards them to 

each search agent as a text file. Figure 5.8 a and b show these search keywords at the input 

to and output from search agent leader step respectively. 
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a. Search Keywords Which Saved in User Matrix (Context-aware Module) 

 

                             

b. Search Keywords After Passing Through Search Agent Leader 

Fig. 5.8 Search Keywords before and after Search Agent Leader 

 

 

Figure 5.9 shows how search agent leader code reads and forwards the search keywords 

within Matlab (as matrix) and then these keywords are written in a text file and saved to be 

used by all of the search agents modules simultaneously. Full Matlab code is listed in 

Appendix ((VI-Implicit) VH Searching) for the whole process of searching. 
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Fig. 5.9 Part of Search Agent Leader Code to Read and Write the Search Keywords in 

Text File 

 

5.3 Recommendation Module 

As described in the previous chapter, multiple recommendation schemes have been 

employed in the EPG to generate a more precise and appropriate set of recommendations 

for the users. Therefore, a hybrid recommending method comprising content-based, 

collaborative filtering and context-aware techniques has been used to overcome the 

drawbacks of using just one recommendation process. Moreover, social networks have 

been exploited to support the recommendation operation with information related to the 

preferences of a user’s friends. This module within the EPG has been developed using 

PHP to communicate with social networks through their API’s and Matlab codes to create 

the analysing and recommending blocks. The three lists that are created by this module are 

discussed in detail in the following subsections. 
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5.3.1 Viewing History Based (Content-Based) Recommendation 

A user’s viewing history is used as the basis of a new search operation to find additional 

programmes that are similar to those that have already been watched by the user. The 

matching block (as shown in figure 4.5) has been developed using Matlab where a 

similarity calculation is done between each programme in the searched list and each 

programme in the viewing history. Here, in order to calculate the similarity, it is important 

to mention that the similarity is calculated between cells in each matrix that contains both 

words and numbers. Therefore, a simple similarity measure has been implemented by 

calculating the intersection divided by the union of the cells’ content. This measure is 

called the Jaccard coefficient measure. However, the similarity has been calculated 

between two columns (searched programme column from the content matrix and viewing 

history programme column from user matrix) as shown in equations 5.1 and 5.2: 

 

𝑆𝑖𝑚(𝐴, 𝐵) =  ∑ 𝑆𝐿(𝐴𝑖 , 𝐵𝑗)𝑖∈𝐼
𝑗∈𝐼

                                                                 ……………….Equation 5.1 

 

𝑆𝐿(𝐴, 𝐵) =  (∑ (𝑎𝑖, 𝐴) ∩ ∑ (𝑏𝑗, 𝐵)𝑗∈𝐿𝑖∈𝐾 ) (∑ (𝑎𝑖, 𝐴) ∪𝑖∈𝐾 ∑ (𝑏𝑗, 𝐵)𝑗∈𝐿 )⁄                …… Equation 5.2 

 

Where A is the viewing history programme features matrix which contains i features, B is 

the searched programme features matrix which contains j features, Sim(A, B) is the 

similarity between them and SL is the similarity level between each corresponding feature 

in both matrices. The keywords in each feature are represented by a and b where A has K 

keywords a, and B has L keywords b. However, because the intersection and union 

between each feature results in a group of words, SL will be the number of words which 

result from the intersection divided by the number of words which result from the union. 

SL range is bounded between [0, 1]. After calculating the similarity between each 

corresponding feature in both matrices SL, the similarity value between the matrices, is 

calculated by finding the summation of all SL’s of the different features. The purpose of 

this operation is to recommend the programmes that have highly similar features with the 

user’s viewing history.  Based on experimentation, a threshold has been set for this at 0.7. 
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Figure 5.10 shows a part of recommendation process Matlab code represents the similarity 

calculations based on Jaccard Coefficient measure. 

 

 

 

Fig. 5.10 Part of Recommendation Process Matlab Code Represents the Similarity 

Calculations Based on Jaccard Coefficient Measure 

 

The figure shows how the system calculates the similarity between the searched 

programmes and the programmes listed for each hour within the viewing history. The 

similarity calculated for each programme feature (the 21 features) and at the end of this 

operation the programmes that have similarity above the threshold will be selected and 

saved in the recommended list for that particular hour. The resulting list of programmes is 

ranked according to the similarity value where the greater similarity value produces a 

higher priority in the displayed list. Figure 5.11 shows a part of user matrix which 

represents the recommended list that has been created for each hour based on what the user 

has previously watched in that hour. Each cell which is shown actually contains a matrix 

representing the related programme features. 
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For the hours that don’t contain any watched programmes in the viewing history, the EPG 

system will recommend some programmes at that hour from the recommended 

programmes that stored in the user content matrix in the content database server. For test 

purposes, the number of random programmes has been limited to 8. Thereafter, the 

recommended list of programmes is saved in the user matrix within the context-aware 

module where it is ready to be displayed to the user when they log onto the EPG. The 

operations described in this section are repeated every day to reflect updates in the user’s 

recent viewing habits. 

5.3.2 Users Clusters 

The second recommendation technique that is used in the EPG system is collaborative 

filtering. As mentioned previously, 36 programme categories have been used to classify 

the programmes into different groups. Matlab code has been developed to cluster users 

into these groups based on the categories of the programmes which they have already 

watched. A K-means algorithm is employed for this purpose using a function that is 

available within Matlab. The system reads the categories of the watched programmes from 

the user matrix for each user and then determines the number of clusters. This number 

could be specified according to any criteria that the developed selects. For test purpose, 

equation. 5.3 has been used for determining the number of clusters based on the number of 

users. Note that, this equation is not a standard equation, but it is created according to the 

needs of our test. However, number of clusters could be specified based on any another 

criteria such as number of categories. 

 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑠 = 𝐼𝑛𝑡𝑒𝑔𝑒𝑟 (
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑈𝑠𝑒𝑟𝑠

3
)                         …………Equation 5.3 

 

Thereafter, the system applies the k-means algorithm and groups users into clusters. Each 

cluster contains the users who have a close viewing pattern (they have common watched 

programmes’ categories). Then the system reads the viewing history of those users from 

the user matrix and creates a group viewing history. Figure 5.12 shows a part of Matlab 

code that used for user clustering. Here, at the beginning of this code, the number of 

clusters (groups) is specified based on the equation 5.3. Thereafter, the categories matrix is 
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created and K-means algorithm is applied. Other tasks are implemented as shown in the 

figure such as determining the number of users in each group and creating the viewing 

history of each group. The full Matlab code is listed in Appendix ((VI-Implicit) 

Collaborative Filtering). 

 

 

 

Fig. 5.12 Part of Matlab Code That Used for User Clustering 

 

Subsequently, the user within each cluster will be provided with a list of programmes that 

have been watched by the other users in the same cluster but not yet watched by the 

specific user. Moreover, the analyzer will determine the popular programmes through 

determining the number of users who have watched the programmes in each cluster. This 

step is used to rank the programmes within the final EPG where the programmes that have 

more viewers will have a higher ranking. The recommended list of programmes is then 
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checked against the content database server to retrieve the details of those programmes. If 

there are any missing programmes, those programme titles are forwarded to the search 

agent leader as shown in Fig. 5.8.a to search for them in the online content sources. 

Thereafter, the programmes are added to the content matrix of the specific user. The list of 

recommended programmes for each user is saved in the user matrix which is displayed to 

the user when they log on to the EPG. This operation is implemented every day. Figure 

5.13 shows a part of the user matrix that represents the recommended list of programmes 

based on the user clustering method. 

 

 

 

Fig. 5.13 Part of User Matrix which Represents the Recommended List of Programmes 

based on the Users Clusters Method 
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5.3.3 Social Networks Contribution 

Social networks are exploited by retrieving information from the user’s account and those 

of their friends once each has agreed to join the application located within the social 

network. Facebook has been used in the EPG as an example social network for evaluation 

purpose. An application has been developed in Facebook using PHP and Facebook SDK in 

order to retrieve the required information from each user’s account and their friends’ 

accounts as shown in figure 5.14. Facebook SDK for PHP is a library with features that 

enable PHP developers to integrate Facebook login in to their application and to 

communicate with the Graph API. The full application code is included in Appendix V. 

 

 

 

Fig. 5.14 Facebook Application 
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The retrieved information includes the list of friends who are also members in the EPG 

system and information about the ‘liked’, ‘watched’ and ‘want to watch’ movies and TV 

shows which have selected by the users and their friends. Figure 5.15 shows a part of 

Facebook application that used to retrieve the information about the ‘liked’, ‘watched’ and 

‘want to watch’ movies and TV shows for each user. 

 

             

Fig. 5.15 Part of Facebook Application that used to retrieve the Information about the 

‘liked’, ‘watched’ and ‘want to watch’ Movies and TV Shows for each user 
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Facebook provides this information through its API in JSON format and part of this shown 

in figure 5.16 which represents the watched videos by a user. 

 

 

Figure 5.16 Data Retrieved from Facebook (in JSON) about Watched Movies and TV 

Shows for Particular User 

 

This information includes the titles and categories of 6 movies and TV shows that this 

particular user selected them as ‘watched’ where the ‘Array’ (which represents the 

retrieved information) started from ‘[0]’ in the first line of the figure and ended with ‘[5]’ 

in the ninth line from the bottom. This data is analyzed and translated into XML as shown 

in figure 5.17 which shows the same data in figure 5.16 but after extracting the needed 

information. For example, the first watched programme (with number ‘[0]’) has been 
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defined as ‘Movies’ (the category) at the end of the second line ‘[name]=Movies’ while 

the title of the movie has been written at the end of sixth line ‘[title]=Expendables 2’. 

 

       

 

Fig. 5.17 Information retrieved from Facebook after Translation Operation 

 

All of the information that is related to the user’s preferences is gathered in a single file as 

shown in Fig. 5.18. The name of this file is the same name that is used when the user logs 

in to the EPG system. Moreover, another file is created which contains the users’ friends 

and their ID’s but only the friends who are also members of the EPG system and who have 

joined the Facebook EPG application. 

 

                                                     

Figure 5.18 Joining the Application in Facebook 

 

Thereafter, the Interpreter, which is also implemented in Matlab code, reads these files and 

creates a matrix containing the user preferences and friends’ list where this information is 
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saved in the context-aware module. Subsequently, the system reads information about the 

preferences and recommendation of the user’s friends which is located in the user matrix 

of each one of those friends. Then, the system analyzes this information to find the 

commonalities and differences between the user and his friends and the common 

programmes between them. Common programmes are given higher rank and priority. All 

of the programme titles are collected into one list and checked through the availability 

block against the content database server. The programmes that exist in the content 

database server will be labeled with a specific flag while the programmes that do not exist 

have to be forwarded to the search agent leader to search the online content sources for 

relevant programmes. If some of the programmes are not found in the online content 

sources during the search operation, those programmes will be searched for on the next 

day. At the end of this operation, a list of programmes will be created and ranked based on 

the programme’s popularity between friends. This is then saved in the user matrix of that 

particular user. The Matlab code which implements all these tasks is listed in Appendices 

((VI-Implicit Function) Facebook Info) and ((VI-Implicit Function) Facebook Matrix). 

Figure 5.19 shows part of the user matrix that includes the recommended list of 

programmes after the analyzing and ranking operation. 

All of the programmes in the recommended list are linked to their details in the content 

database server. By selecting any programme, the system will retrieve the programme’s 

details from the content database server based on an associated pointer in the user matrix. 

All the retrieving and analyzing operations that relevant with integration the social 

networks in recommendation process is performed when the users logs off from the EPG. 

When the user logs on, the recommended list of programmes will be displayed for them. 

5.3.4 Filtering Operation 

The final operation that is implemented on the recommended lists of programmes before 

displaying them to the user is filtering according to the user’s viewing environment. This 

operation ensures that recommended programmes match the time of day, the user’s device 

type and the available network bandwidth. As mentioned previously, this information is 

provided to the system through an application installed on the user device. However, for 

the prototype system this information is provided via a text file which the EPG system 

reads when the user logs onto the EPG. 
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Fig. 5.19 Facebook Recommended List of Programmes after Analysing and Ranking 

Operation 

 

Specifying the time of day has been employed to ensure that the recommended list of 

programmes is available for that particular hour. For test purposes, in order to adapt to 

device type and network bandwidth, tables have been created to determine the resolution 

of the recommended programmes based on the device type and available bandwidth. The 

resolution of programmes has been classified into five types as shown in Table 5.1 (Barb, 

2012). 
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No. Term Definition 

1 Flash Refers to Low Definition Videos 

2 STD Refers to Standard Definition Videos (480p) 

3 HD Refers to High Definition Videos (720p) 

4 HDX Refers to High Definition Videos (1080p) 

5 3D Refers to 3 Dimensional High Definition Videos 

 

Table 5.1 Types of Videos Resolution that employed in the Prototype 

 

Those types have been exploited in filtering the recommended programmes according to 

the device type as shown in Table 5.2 and available bandwidth as shown in Table 5.3. The 

recommendation module reads the recommended lists of programmes from the user matrix 

and the environmental features from the context-aware module and then executes a 

matching operation between the available environmental features and the resolution cell in 

the programme features column (see figure 5.6). 

 

No. Device Type Terms Included 

1 Smartphone Flash, STD, HD 

2 Tablet Flash, STD, HD 

3 Laptop and PC Flash, STD, HD, HDX 

4 SD Smart TV Flash, STD 

5 HD Smart TV Flash, STD, HD 

6 Full HD Smart TV Flash, STD, HD, HDX 

7 3D Smart TV Flash, STD, HD, HDX, 3D 

 

Table 5.2 Device Type versus Resolution Table 
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No. Available Network Bandwidth (Mbps) Terms Included 

1 more than 0.3 Flash 

2 1-2 Flash, STD 

3 2-4 Flash, STD, HD 

4 4-9 Flash, STD, HD, HDX 

5 Greater than 9 Flash, STD, HD, HDX, 3D 

 

Table 5.3 Available Network Bandwidth versus Resolution Table 

 

Based on this, the system recommends the programmes that match the device type and 

available network capacity and filters out the others. The matching operation implemented 

in Matlab directly by using a string comparison method between two cells in both 

matrices. Figure 5.20 shows the part of Matlab code that is used for filtering the 

recommended programmes based on available network bandwidth. Note that the first part 

of this code that showed in figure 5.20 is used to recognizing the programmes that match 

the network bandwidth while the second part is used to remove the non-match programmes 

from the list. For more details related with the full Matlab code that is used for the overall 

filtering operation see Appendix ((VI) User Interface).  

Then, the system forwards the final list to the designed online EPG to be displayed to the 

users. This operation is the only operation that is implemented when the user logs onto the 

EPG and hence, decrease the time required to display the recommended programmes to the 

users. 

Note that, adaptive bitrate streaming techniques are becoming more common to adapt to 

changing network conditions and provide high quality playback with fewer re-buffering 

stages. An example is MPEG-DASH where the multimedia file is partitioned into one or 

more segments and delivered to the client over the internet in real-time using HTTP where 

each segment can be encoded at a different resolution and bit rate. The goal of MPEG-

DASH is therefore to deliver the best quality content with the fewest dropouts and least 

possible buffering. 
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Fig. 5.20 Part of Matlab Code that is used for filtering the Recommended Programmes 

based on Available Network Bandwidth 

 

YouTube and Netflix are already support MPEG-DASH, but not all of the other online 

sources do. However, for those online sources that do support MPEG-DASH, the 

programme’s metadata file contains information that refers to its usage as shown in figure 

5.21 which shows a manifest file which defines the adaptive DASH-MPD within a “Media 

Presentation Description”. In this case, the search agent translates the resolution in the 

metadata file to “Null” in the unified format, which is an equivalent case to that where 

there is no information about the resolution. The system in these cases provides the 
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programme directly without applying a filtering operation (YouTube, 2014, Mozilla, 2017 

& Jan, 2011). 

 

 

Fig. 5.21 YouTube Example for encoding MPEG-DASH stream showing Media 

Presentation Description (MPD) (YouTube) 

 

However, selecting these viewing environmental features for the filtering operation is not 

finally where any other features could be added to this operation to be as filtering criteria. 

These features are used in the implementation of the system to demonstrate that the system 

is able to filter the final list of programmes based on the chosen viewing environmental 

features. 

5.4 Context-aware Module 

The context-aware module stores information that is relevant to each user. This module 

has been implemented in Matlab to create the user matrix and reads the viewing 

environmental features. The user matrix includes the viewing history, information 

extracted from social networks, the various lists of recommended programmes and the 

dynamic information which is relevant to the user’s viewing environment. 
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All of the main system parts of the EPG architecture have to be connected to the context-

aware module. In order to create the viewing history, the programme features matrix of 

programme watched by the user is saved in the user matrix as shown in figure 5.22. Note 

that the last cell in the column contains the date that particular programme was viewed. 

This helps the system in removing old items that were viewed a long time ago and hence, 

manages the overall storage requirements of the system. This record is saved under the 

appropriate hour column, where the viewing history is divided into 24 columns according 

to the hours of the day as shown in figure 5.23. 

 

 

 

Fig. 5.22 Programme’s Features Columns in User Viewing History Matrix 
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Note that hours that don’t include any watched programmes are referred to as ‘Null’ while 

the hours that include watched programmes contain records such as <23x2 cell>. This 

record represents the programmes that were watched in that particular hour and are defined 

by a column comprising 23 rows which represent the 21 programme features plus the 

address of the programme plus the time of viewing. The second number represents the 

number of programmes that were watched during that particular hour. Therefore, <32x2 

cell> means that two programmes were watched in that hour. When the user watches a 

new programme through the EPG, the system sends the programme metadata to be saved 

in the user’s viewing history and the time it was watched. Figure 5.24 shows a part of the 

Matlab code that used to save the watched programme in user viewing history. The full 

Matlab code is listed in Appendix (VI). 

 

 

 
Fig. 5.24 Part of the Matlab Code that used to save the Watched Programme in 

User Viewing History 
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This Matlab code shown in figure 5.24 is responsible for saving the metadata parameters 

of the watched programme where each programme contains 21 features plus the address. 

The saving operation is implemented in more than one place where the programme 

features will be used later in different operations. For example, the second group of 

commands are responsible for saving the title, genre, pointer (for location) and the search 

keyword that relevant to this programme. This information is used in creating the viewing 

history of the groups that resulted from collaborative filtering technique. The third group 

of commands is responsible for updating the list of programme’s genres for that particular 

user in order to use this list later in the user clustering process. 

This information is then used by the matching operation block in recommending 

programmes based on the user’s viewing history. Moreover, the user matrix includes 

information obtained from social networks comprises the social network ID, the user’s 

preferred programmes and lists of programmes from their friends. Each part of this 

information is saved in a separate cell in the user matrix. Additionally, the user matrix 

includes cells for watched programme categories and the recommended list of programmes 

based on collaborative filtering technique. The user matrix includes cells for the results of 

the analysing operations and other services such as pre-paid online sources. 

Finally, the user matrix includes a cell for the dynamic information relating with the user’s 

viewing environmental features. Figure 5.25 shows an overview for the user matrix for 

several users. 

5.5 Content Database Server 

The content database server is represented by a matrix in Matlab containing the 

programmes that have been searched. These programmes have resulted from the different 

search operation (viewing history, user clustering and social networks) where the 

programme metadata has been translated, collated and saved as columns each comprising 

the programme’s features. This matrix is known as the content matrix and consists of 

columns where each column is linked to a specific user. As a result, the number of 

columns in the content matrix is equal to the number of columns in the user matrix. Figure 

5.26 shows the content matrix for several users. Each column contains the programmes 

that have been searched and retrieved from the online content sources. Figure 5.27 shows 

some of the programmes that are located in one cell (column) of the content matrix. 
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Fig. 5.26 Content Matrix for Several Users 

 

The system checks those programmes before each search operation to find the relevant 

programmes to each search keyword. Keywords that don’t match programmes in the 

content matrix are forwarded to the search agent leader to search the online content 

sources for relevant programmes. Furthermore, the recommendation module reads the 

content matrix when creating the recommended list of programmes based on the viewing 

history, where similarity calculations are applied between each programmes in the content 

matrix and each programme in user viewing history. Figure 5.28 shows a part of Matlab 

code that is responsible of checking the user content matrix for any relevant programmes 

to social network’s recommended list of programmes. The entire Matlab code is listed in 

Appendix ((VI-Implicit Function) Facebook Info). 

This code calculates the similarity between each programme title in the list that created 

based on Facebook contribution with each programme title in the content matrix. The list 

that created based on Facebook contains two groups of programmes which are 

programmes that are selected by friends and programmes that are selected by the user 

themselves. That is represented in the first group of commands as shown in the figure 5.28. 

The programmes that have been found in the content matrix tagged as number ‘1’ while 

the programmes that have not been found tagged as number ‘0’. Thereafter, the titles of 

programmes that are tagged as ‘0’ are collated in one file and forwarded to the search 

agent leader to search the online content sources as shown in the second group of 

commands. 
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Fig. 5.28 Part of Matlab Code that is responsible of Checking the User Content Matrix for 

any relevant Programmes to Social Network’s Recommended List of Programmes 

 

To better understand the data flow through the EPG, two scenarios are presented. The first 

one which is shown in figure 5.29, is when the user joins the system for the first time while 

the second, which is shown in figure 5.30, is for creating the recommended lists of 

programmes based on all of the recommendation schemes. Figure 5.29 Shows the first 

scenario where the number on the arrows are described after the figure. 

 



CHAPTER FIVE                        IMPLEMENTATION AND FUNCTIONAL TESTING 
 

142 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5.29 Data Flow Diagram when the User joins the System for the First Time 

 

1. Users register within the EPG system and select the preferred categories. 

2. The context-aware module checks the user database server to find if the user has a 

Facebook account or not. If the user has Facebook account, the data will be 

converted to a matrix format and saved into the user matrix. This data includes the 
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information that retrieved from the user Facebook account when they joined the 

Facebook application. 

3. Implementing collaborative filtering technique to find the user group and create the 

recommended list of programmes and save it in the user matrix. 

4. Checking the availability of programmes in both lists (Facebook list and CF list) 

and saving the result of checking in the user matrix. 

5. Sending the programmes that are not found in the content database server to the 

search agent leader to search the online content sources. 

6. Searching and translating the retrieved programmes’ metadata and forwarding the 

result to the search agent leader. 

7. Combining the result into one matrix and removing the duplicated. 

8. Saving the result in the content database server. 

9. Sending a list of programmes that have been found in the online content sources 

and keeping a list of the missed programmes in order to search of them in the next 

day. 

10. Users log on to their EPG and the viewing environmental features are forwarded to 

the context-aware module. 

11. Filtering the recommended list of programmes according to the viewing 

environmental features. 

12. Displaying the results to the user. 

Similarly, figure 5.30 Shows the second scenario where the numbers on arrows are 

illustrated as shown below: 

1. The context-aware module checks the user database server to find if the user has a 

Facebook account or not. If the user has Facebook account, the data will be 

converted to a matrix format and saved into the user matrix. This data includes the 

information that retrieved from the user Facebook account when they joined the 

Facebook application. 

2. Implementing collaborative filtering technique to find the user group and create the 

recommended list of programmes and save it in the user matrix. 

3. Checking the availability of programmes in both lists (Facebook list and CF list) 

and save the result of checking in the user matrix. 
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4. Sending the search keywords to the search agent leader which include the viewing 

history programmes, Facebook and CF programmes but only those which are not 

exist in the content database server. 

5. Searching and translating the retrieved programmes’ metadata and forwarding the 

result to the search agent leader. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5.30 Data Flow Diagram when the System creating the Recommended Lists of 

Programmes based on all of the Recommendation Schemes 
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6. Combining the result into one matrix and removing the duplicated. 

7. Saving the result in the content database server. 

8. Sending a list of programmes that have been found in the online content sources 

(for Facebook and CF only) and keeping a list of the missed programmes in order 

to search of them in the next day. 

9. Implementing a matching operation between the programmes in the viewing 

history and the programmes in the content database server to create lists of 

programmes for each hour. 

10. Users log on to their EPG and the viewing environmental features are forwarded to 

the context-aware module. 

11. Filtering the recommended list of programmes according to the viewing 

environmental features. 

12. Displaying the results to the user. 

 

Finally, table 5.4 shows the overall system timings. Note that, for data purging, records in 

the user viewing history and the content database server which are older than one month 

are removed on a daily basis. This setting has been chosen for test purposes but it can be 

changed to suit the operational environment. Data purging is implemented by checking the 

watched time that is recorded with the programme features in the programme matrix in the 

user viewing history. For the content database server, the keyword of the deleted 

programme will be matched with the programmes in the content database server, then any 

programme has this keyword will be deleted as well. 

Note that, if the deleted programmes were relevant to another keyword (such as if this 

keyword are common between two hours in the viewing history and the programme in that 

another hour is not older than one month), the programmes that deleted from the content 

database server will be found again in the next searching operation where all the keywords 

that haven’t matched programmes in the content database server will be searched in the 

online content sources every day. 
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Timelines of 

Operations 

Operation 

Real Time 1. Update user viewing history and viewing pattern (programme 

categories).  

2. Search the online content sources for particular keyword.  

3. Filtering the recommended lists based on viewing environmental 

features. 

Daily 1. Searching online content sources based on recommendation 

schemes.  

2. Clustering users into groups based on viewing pattern.  

3. Update social network data for each user.  

4. Recommending list of programmes based on all the 

recommendation schemes. 

5. Data purging. 

 

Table 5.4 Timelines of the System Operations 

 

5.6 Online Electronic Programme Guide 

In order to evaluate the system a user interface has been created to allow users to use the 

services that are offered by the EPG. This allows users to create their own accounts using 

the same name that they use for accessing Facebook. The prototype EPG has three areas to 

display the recommended lists of programmes based on the three recommendation 

techniques. Moreover, it contains ON and OFF buttons to turn on and turn off the EPG. 

When the user turns the EPG on, the recommended lists of programmes will be displayed. 

By choosing any one of the recommended programmes, details of that programme will be 

displayed which include the programme’s description, genre, length and production year. 

Additionally, the address of the selected programme is added to the displayed details in 

order to check the original online source. 

Another display area has been added to the interface for doing a direct keyword search. 

Two buttons have been added for this purpose; the first one is used to input the search 

keyword, where this keyword will be sent to the context-aware module program and from 
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there the search agent leader will search the online content sources. Thereafter, by pressing 

the second button, the system will display the list of programmes that are recommended. 

Figure 5.31 shows a snapshot of the designed EPG. 

The interface also allows users to watch the selected programmes, where a button has been 

located in the interface for this purpose. This button opens an Internet browser with the 

address of the selected programme. The system then automatically sends the programme’s 

features matrix of this watched programme to the context-aware module so that the user 

viewing history can be updated. 

In order to enhance the recommendation process and avoid the cold-start problem, the user 

interface has been provided with a list of categories. The user is promoted to select their 

preferred categories during the registration stage. This helps the system to provide a list of 

recommended programmes based on the selected categories (Collaborative Filtering 

Technique) even when the user hasn’t watched any programme and therefore has no 

viewing history. Furthermore, the users can add additional categories at any time when 

they turn on the EPG. 

Because some of the online content sources are pre-paid or subscription sources, the user 

interface has been provided with an option to either includes the pre-paid sources and 

sources that need subscription or not. This is done through providing a choice within the 

designed interface and the user can select ‘Yes’ to include those sources or select ‘NO’ to 

avoid the search results that come from those sources during the registration stage. The full 

configuration software of the designed EPG is located in Appendix VI which combines all 

the functions within the proposed system. 
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5.7 Summary 

In this chapter, the implementation of the proposed EPG system has been described. The 

different functional blocks have been created using PHP and Matlab. According to the 

current implementation, the EPG system has the following features: 

1. The content search module is able to retrieve the programmes’ metadata from all 

the connected online video content sources which are YouTube, BBC iPlayer, 

Dailymotion and The Movie Database. 

2. All of the metadata formats that are retrieved from the different online content 

sources are converted to a unified format, which include 21 programme features, 

that is used within the remainder of the system. 

3. Multiple recommendation schemes have been used to enhance the recommendation 

process which are content-based, collaborative filtering and context-awareness. 

4. Integration of social networks has been realised through an interface to Facebook 

from which a list of programmes is obtained based on the users’ preferences and 

their friends and is used to enhance the recommendation operation. 

5. The system is generic and flexible to any expansion in the number of online video 

content sources where the core system architecture remains the same as new online 

content sources are added. The only bespoke module is the search module which 

has to be unique for each new online content source. 

6. The system is provided as a cloud based service in which all recommendation 

operations are carried out in a centralised server with the results being stored in that 

server and made available to the user when they log onto the EPG. 

7. A filtering stage has been created to filter the recommended programmes based on 

the resolution of user viewing device and network bandwidth.  

The next chapter will discuss the evaluation of the EPG functions based on the 

implementation which has been described in this chapter. 
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Chapter Six 

6.1 Introduction 

The previous chapter illustrated the details of the EPG system implementation. This 

chapter describes the processes through which the system was tested and evaluated. In 

order to validate the proposed architecture, the EPG system has been evaluated through 

assessing its performance according to the main functions that were presented in chapter 

three. As mentioned in the previous chapter, in order to evaluate the proposed system, a 

basic user interface was designed to allow the users use the system and its services. 

6.2 User Trial Scenario  

In order to evaluate the designed system, 20 users were chosen to participate in a user trial 

by creating accounts in the EPG. The same name used for the EPG account is also used 

when joining the Facebook application. Once an account has been created, each user then 

selects their preferred programme categories and chooses whether they want to view pre-

paid online content within the recommended programmes or not. 

Each one of these users had a Facebook account and all of them joined the associated 

Facebook EPG application as shown in Figure 6.1. Because the Facebook application is 

not published for all Facebook users (Application under test), these participants are added 

to the application as developers to give them the ability to see the application in their 

profile and then join it. However, to join the Facebook application, they needed to 

separately login to their Facebook accounts. Figure 6.2 shows the application within the 

list of user’s application in Facebook account. 

By joining the Facebook application, the user is asked to give permission to retrieve 

information relevant to their public profile, friends, likes and video activity as shown in 

Figure 6.3. When the user accepts this request, the application asks the user to submit their 

name that will be used in the EPG system as shown in Figure 5.18. 

The next step of testing was to build the users’ viewing history by watching different 

programmes at different times of the day. This meant that each user had to login to their 

account at different hours and watch programmes through the EPG system. This step was 

performed on different days. 



CHAPTER SIX                                                                       SYSTEM EVALUATION 
 

152 
 

        

Fig. 6.1 The Users who joined the Facebook Application 
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Fig. 6.2 The EPG Application (EPGTest) within the List of Application in a Facebook 

User’s Profile 
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Fig. 6.3 Facebook Application Request for Information Retrieving Permission 

 

Thereafter, the users were asked to evaluate the system’s recommendation by rating the list 

of recommended programmes that the EPG produced. This rating was then used to 

evaluate the recommendation process and the effect of integrating the social networks in 

enhancing the recommendation operation. 
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6.3 Evaluating the Function of Multiple Online Content Sources 

As mentioned previously, the designed system is connected to BBC-iPlayer, YouTube, 

Dailymotion and The Movie Database as example of online content sources. The system 

retrieves the programmes’ metadata from those sources in the searching operation whether 

in order to create the recommended lists of programmes based on the system operations or 

through a direct keyword search initiated by the user. By evaluating the results that were 

obtained from user trials, the list of recommended programmes has been checked to prove 

whether or not the system was able to retrieve the programmes’ metadata from all the 

connected online sources. Figure 6.4.a shows on the left, the recommended list of 

programmes which consists of 21 programmes where the second programme in the list has 

been chosen and the details of that programme have been displayed on the right hand side. 

As shown in the figure 6.4.a, the first line in the details shows the address of that 

programme which in this case is YouTube. Figure 6.4.b shows the third programme in the 

same list being selected where the address in that case refers to Dailymotion. Similarly, 

figure 6.4.c shows another programme in the same list refers to BBC-iPlayer and figure 

6.4.d shows that another programme belongs to The Movie database. In addition to the 

source of the programme, other details are presented which include description, genre, 

length and production year. 

It is clear that the system can retrieve programme metadata from all of the connected 

online content sources even though these sources offer different interfaces and use 

different metadata formats. Hence, the EPG system can translate these different metadata 

formats into a single unified format allowing all programmes to be displayed to the user in 

the same way irrespective of where they came from. However, the set of metadata 

(description, genre, length and production year) that is displayed here for test purposes and 

clearly, more or less information can be presented in the final EPG. 

On the other hand, the searching time depends on the number of search keywords sent to 

the search agent leader. Keywords arise from several processes but all relate to 

programmes, which are not currently stored within the EPG’s content database server.  

According to the design of the search agent leader, these keywords are then sent to each 

search agent at the same time.  A search agent interfaces to a content provider via an API 

through which a search is initiated.  Where the API only permits a single keyword search, 

then the maximum total search time will scale as a function of the number of keywords.  
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As an example, if the number of search keywords is doubled, then the worst case time 

needed for the whole searching operation will also be doubled.  Hence, in the worst case 

the total searching time scales linearly with the number of search keywords. 

Practically, the time performance of the EPG depends on many different parameters such 

as the server hardware, the operating system and the programming language used to 

implement the EPG system. In addition, for the searching module, the required time also 

depends on the performance of the content provider’s own systems, the efficiency of their 

API and the bandwidth of the connection, which links them to the EPG. 

Moreover, increasing the number of users will increase the overall time performance of the 

EPG system, where the processing time will increase linearly with the number of users. 

Whilst, the search operation associated with a single user is determined by the number of 

search keywords, clearly with more users, the total time devoted to search operations by 

the EPG system, as a whole, must increase.  However, the vast majority of this search time 

is allocated whilst the user is logged off from the EPG hence, masking it from them.   

Increasing the number of users also increases the amount of stored data in the system 

within both the user matrix and content matrix. A calculation is presented in the summary 

section of this chapter that provides an approximate value for how this storage requirement 

grows as a function of the number of users. 
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6.4 Evaluating the Recommendation Function 

As mentioned in the previous chapter, three areas are provided in the user interface to 

display the three lists of programmes that are recommended to a user based on the different 

recommendation methods that are employed. These lists are the user favourite programmes 

which are recommended based on the user’s viewing history, group suggestions which are 

recommended based on the user clusters method and social media programmes which are 

recommended based on a contribution from social networks and the user’s friends. When 

the user log on to the EPG, these three lists of programmes are displayed to the user as 

shown in Figure 6.5. By selecting any one of the programmes in those lists, the programme 

details, extracted from programme’s metadata, are displayed on the right side of the user 

interface. 

6.4.1 Test Scenario 

In order to evaluate the recommendation process and find out the effect of social networks 

in enhancing the recommendation operation, the users were asked to rate the recommended 

programmes. Each user had to complete a test sheet which is included in Appendix VII. 

When a user first uses the EPG there is no viewing history but each user joins the 

Facebook application and selects their preferred programme categories. Therefore at this 

point, the EPG system is only able to retrieve information from their Facebook user 

account and use the selected categories to specify the clusters that the user belongs to. This 

means that the user is presented with two lists of recommended programmes. 

Users were then asked to rate the recommended programmes in these two lists and then to 

create a viewing history by watching several programmes at different times of the day. 

Then, the user logs out the EPG and this ends the second step. The third and fourth steps 

include rating the recommended programmes in all three recommended lists (the third list 

is based on the viewing history) and continue watching several more programmes at 

different times. 
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After each log out, the system implements all the searching and recommending operations. 

This includes retrieving data from Facebook, adding any new information to the user 

profile in the user matrix, repeating the users’ clustering to accommodate newly watched 

programmes and searching for programmes relevant to the new watched programmes in 

the viewing history cell. Thereafter, the recommended list of programmes is prepared and 

saved in the user matrix to be ready for use when the user next logs in to the EPG. 

6.4.2 Evaluation Metrics 

In order to evaluate the recommendation process in any system, two standard metrics are 

always taken into consideration; the Precision and Recall. Additionally, Mean Absolute 

Error (MAE) is usually used to assess the prediction accuracy. Precision is defined as the 

measure of a recommendation system’s ability to suggest content relevant to a user. It is 

represented by the ratio of relevant recommendations made to the user to the total number 

of recommendations made as given in Equation 6.1. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑅𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑 𝐶𝑜𝑛𝑡𝑒𝑛𝑡

𝑇𝑜𝑡𝑎𝑙 𝑅𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑 𝐶𝑜𝑛𝑡𝑒𝑛𝑡
                                       …………..Equation 6.1 

 

Recall is defined as the measure of the recommendation system’s ability to gather relevant 

content for a specific user. It is represented by the ratio of relevant recommendations made 

to the user to the content that are watched by the user. It can be calculated as given in 

Equation 6.2. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑅𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑 𝐶𝑜𝑛𝑡𝑒𝑛𝑡

𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝐶𝑜𝑛𝑡𝑒𝑛𝑡
                                      ………………Equation 6.2 

 

However, precision is a more appropriate metric for the performance evaluation of 

recommendation systems rather than recall. That is because recall value increases with an 

increasing number of recommended programmes. Therefore, precision has been used in 

this research for evaluating the recommendation system performance. 
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On the other hand, MAE is a widely used metric to assess the difference between ratings 

and predictions in recommendation systems. It simply measures the deviation of 

predictions that are generated by the recommendation system from the real ratings which 

are specified by the user. MAE can be calculated as given in Equation 6.3. 

 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑝𝑖 − 𝑟𝑖|

𝑁
𝑖=1                                                           ………………….Equation 6.3 

 

Where "𝑁" is the total number of predictions, "𝑝𝑖" is the predicted rating for item "𝑖" and 

"𝑟𝑖" is the user’s real rating for item "𝑖" (Al-Shamri & Bharadwaj, 2008; Barragáns-

Martínez et al., 2010; Carrer-Neto et al., 2012; E. Kim et al., 2011; F. Liu & Lee, 2010; X. 

Liu & Aberer, 2013; Pham, Cao, Klamma, & Jarke, 2011; D. Shin et al., 2009; J. Xu et al., 

2002; M. Xu et al., 2013). 

6.4.3 First Step of User Trial (Cold-start Problem) 

The first step is assessing the recommendations which are based solely on the users’ 

clustering and social networks contributions. This step is considered as the solution of 

cold-start problem. The user needs to rate each programme in the recommended list by 

choosing 3,2 or 1 which is corresponding to “like”, “reasonable” or “dislike”. The “like” 

programme means that this programme is a very interesting suggestion while “reasonable” 

means that this programme is an accepted suggestion but not very interesting. The 

“dislike” category means that this programme is not interesting and is considered as a bad 

suggestion for the user. Each user needs to assess up to 30 programmes in each 

recommended list of programmes. Both the “like” and “reasonable” categories will be 

considered as correct recommended programmes which will be used later in calculating 

the precision metric. On the other hand, the system rated the programmes that have high 

rank (have been watched or recommended by more than one subscriber) as rate ‘3’ while 

the programmes that have been watched by only one subscriber as rate ‘2’. This operation 

has been applied for both of the recommended lists of programmes which arise from the 

user clusters (Group Suggestions) and social networks (Social Media Programmes) as 

shown in figure 6.5. 
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The data from the first user trial has been collected and analysed for both precision and 

MAE. The precision and MAE has been calculated for each user separately and then 

averaged for the whole group. Figure 6.6 shows the average precision value as a function 

of number of recommendations. The figure shows two curves; the blue curve represents 

the precision value versus the number of recommendations for users arising from only the 

clustering approach while the red curve represents the precision value for the same trial but 

when the recommendations are based on both clustering approach and social network 

contribution. Figure 6.7 shows the average MAE value as a function of number of 

recommendations. Similarly, the figure shows two curves; the blue curve represents the 

average MAE value for the user clustering approach only while the red curve represents 

the MAE for the same trial when both the user clustering approach and social networks 

have been taken into account. 

 

 

 

Fig. 6.6 Average Precision versus Number of Recommendations for Step One of Users’ 

Trial 
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Fig. 6.7 Mean Absolute Error versus Number of Recommendations for Step One of Users’ 

Trial 

 

As shown in Figure 6.6, the average precision is calculated for different number of 

recommended programmes which varies from 5 to 30. The statistical data which was 

collected from this user trial demonstrates that the precision is increased when using social 

networks by approximately 6 to 12%. Additionally, the system presented an acceptable 

precision against the cold-start problem where no information was available about the 

user’s viewing history. This can be claimed comparing with the previous research where 

the precision of their recommendation systems is around the resulted value in our user 

trials (Al-Shamri & Bharadwaj, 2008; Barragáns-Martínez et al., 2010; Carrer-Neto et al., 

2012; E. Kim et al., 2011; F. Liu & Lee, 2010; X. Liu & Aberer, 2013; Pham et al., 2011; 

D. Shin et al., 2009; J. Xu et al., 2002; M. Xu et al., 2013). Figure 6.8 shows the average 

precision that calculated for different number of recommended programmes which 

presented by Kim and contains two cases which refer to the precision before and after the 

improvement of recommendation performance (E. Kim et al., 2011). 
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Fig. 6.8 Average Precision before and after Recommendation Performance Improvement 

(E. Kim et al., 2011) 

 

Figure 6.7 shows that the MAE of predicted recommendations decreases when the social 

network recommendations are included thereby improving the quality of the recommended 
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6.4.4 Second, Third and Fourth Step of Users’ Trial (Viewing History) 

In these steps, users need to repeat their assessment of the EPG recommended programmes 

and watch several more programmes in order to build up their viewing history. However, 

these steps now contain three recommended lists of programmes where a list of 

programmes based on a user’s viewing history can now be added to the previous two lists. 

Based on the collected data from these additional stages of user trial, precision and MAE 

values have been calculated for each user and then the average of all of users has been 

computed. Figures 6.9, 6.10 and 6.11 show the average precision value as a function of the 

number of recommendations for the second, third and fourth user trial respectively. In each 

case, two curves are plotted. The first is based on the user’s viewing history and user 

clustering approach while the second includes the social network contribution. Figures 

6.12, 6.13 and 6.14 show the MAE values against the number of recommendations for the 

three stages of user trial, with, similarly, two curves being plotted. 

 

 

Fig. 6.9 Average Precision versus Number of Recommendations for Second Step of Users’ 

Trial 
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Fig. 6.10 Average Precision versus Number of Recommendations for Third Step of Users’ 

Trial 

 

 

Fig. 6.11 Average Precision versus Number of Recommendations for Fourth Step of 

Users’ Trial 
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Fig. 6.12 Mean Absolute Error versus Number of Recommendations for Second Step of 

Users’ Trial 

 

 

Fig. 6.13 Mean Absolute Error versus Number of Recommendations for Third Step of 

Users’ Trial 
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Fig. 6.14 Mean Absolute Error versus Number of Recommendations for Fourth Step of 

Users’ Trial 

 

Once again, the use of retrieved data from social networks improves the overall precision, 

showing an improvement of between 7% and 8% in the second stage, 7% and 10% in the 

third, and 5% and 10% in the fourth. Similarly, the MAE decreases with the use of social 

networks from 4 to 6% in the second stage, 3 to 6% in the third, and 1 to 3% in the fourth. 

As from the first stage of user trial, increasing the number of recommendations decreases 

the precision value and increases the MAE value because more lower rated programmes 

are included in the recommendation process. 

Comparing figure 6.6 with figure 6.9, it is clear that the precision value of the second step 

(when the viewing history has been taken into account) is less than its value in the first 

step (without viewing history). However, it was expected that the precision would increase 

when the viewing history was included in the recommendation process. This didn’t happen 

because, in the second stage, the users’ viewing history contains only a few watched 

programmes which means that the system’s recommendations are based on those 

programmes which makes it very difficult to predict the user’s viewing pattern with so 

0.5

0.52

0.54

0.56

0.58

0.6

0.62

0.64

0.66

0 5 10 15 20 25 30 35

M
ea

n
 A

b
so

lu
te

 E
rr

o
r 

Number of Recommendations 

without SN
with SN



CHAPTER SIX                                                                       SYSTEM EVALUATION 
 

170 
 

little data. This affects the accuracy of the recommendation process based on the viewing 

history and thus the precision value drops when those statistics are included in the 

precision calculations. 

Similarly, the MAE suffers from the same problem, where the MAE of the second step of 

user trial increases compared to the value from the first step. This can be seen when 

comparing figure 6.7 and figure 6.12. However, when the users’ viewing history increases, 

this problem disappears. That is clear in figure 6.10 and 6.11 where the precision value is 

increased compared to figure 6.6. In the same way, by comparing figures 6.13 and 6.14 

with figure 6.7, it can be seen that the MAE decreases again to 0.54 and 0.53 respectively. 

In order to highlight the effect of user viewing history on the overall performance of the 

recommendation system, figure 6.15 shows the average precision value as a function of 

each stage of user trial. The average precision of each step has been calculated by 

summing the precision values of each step (as a function of the number of 

recommendations) and dividing that sum by the number of points plotted on the graph. It is 

clear that with an increasing viewing history, the average precision value increases and in 

the fourth step exceeds its value in the first step. However, it is expected to obtain more 

improvement in the precision value with continuing increase the users’ viewing history. 

Moreover, it is also clear that integrating information retrieved from Facebook into the 

recommendation process improves the average precision value by 6.5 to 7.5%. 

Similarly, figure 6.16 shows the average MAE as a function of each stage of user trial. The 

figure shows that including user viewing history has not improved the performance of the 

recommender system in the second step, however, with an increasing viewing history, the 

system offered a better performance in the third and fourth stages with the MAE value 

decreasing. Once again, the social networks have a positive effect on the system 

performance where the improvement in MAE value varies between 2 to 6%. 

 

 

 

 



CHAPTER SIX                                                                       SYSTEM EVALUATION 
 

171 
 

 

Fig. 6.15 Average Precision Value as a Function of User Trial’s Step 

 

 

Fig. 6.16 Average Mean Absolute Error Value as a Function of User Trial’s Step 
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6.5 Filtering Operation 

All three lists of recommended programmes are subjected to a filtering operation in order 

to ensure that programmes match the user’s device and network connectivity. For the 

prototype system, information relevant to the user’s device and available network 

bandwidth is emulated through the use of a text file. Figure 6.17 shows a recommended list 

of programmes that have been subjected to this filtering stage. In this case, three different 

values of bandwidth are chosen 10, 5 and 1.2 Mbps. As shown in figure 6.16.a, there is an 

initial recommended list comprising 21 programmes when the available network 

bandwidth is 10 Mbps. 

 

       

6.17.a Available Bandwidth = 10 Mbps 

 

However, when the available network bandwidth is changed to 5 Mbps, figure 6.17.b 

shows the same recommended list of programmes which has now been reduced to 18 

programmes. The reason for this is that there were three programmes within the list that 
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were defined as 3D movies which requires a higher bandwidth to play. When the 

bandwidth is further reduced to 1.2 Mbps figure 6.17.c shows the same list of 

recommended programmes has been reduced to 13 programmes. Here the system filtered 

out all High Definition and 3D movies from the list. 

 

          

6.17.b Available Bandwidth = 5 Mbps 

Consequently, it is clear that the system has used the user’s viewing environmental 

features in recommending the programmes that match the current network connectivity 

and the final list of programmes has been  subjected to a filtering operation based on the 

supported information.  Because the capabilities of different viewing devices are also 

represented by a category number, as shown in the previous chapter in table 5.2, the 

filtering process works in exactly the same way when adapting the list of recommended 

programmes to match the user’s device.  This is illustrated in figure 6.18 where the same 

initial list of recommended programmes has now been filtered based on the fact that the 

user is viewing content on a smartphone.  Here 3D programme content has been removed 

as it is deemed that this category of smartphone cannot display that type of content, even 

though there is sufficient network bandwidth available to stream it. 
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6.17.c Available Bandwidth = 1.2 Mbps 

Fig. 6.17 Filtered Recommended List for Three Different Bandwidth Values 

              

Fig. 6.18 Filtered Recommended List based on User’s Device 
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6.6 Direct Search 

Another feature that has been added to the EPG user interface is the direct search. This 

feature allows the user to perform a keyword search over all the connected online content 

sources. The user inputs the search keyword using the click “Input Keyword” button as 

shown in figure 6.19 where a new window will be open to enter the search keyword which 

could be the title or part thereof, or the category of the programme that the user wants to 

watch. After entering the keyword, the user needs to press “Submit Query” to send this 

keyword to the search agent leader and from there it will be sent to the different search 

engines which correspond to the connected online content sources. Thereafter, by pressing 

the “Find Programmes” button, a list of programmes will be displayed by the EPG as 

shown in figure 6.20. These results have been validated through comparing them with the 

search results that are obtained using the online content source directly where it was found 

that are same in both cases (with using the designed EPG and using the online content 

source itself). 

 

 

Fig. 6.19 Entering the Search Keyword in the Direct Search Operation 

 



CHAPTER SIX                                                                       SYSTEM EVALUATION 
 

176 
 

 

Fig. 6.20 Resulted List of Programmes from the Direct Search Operation 

 

This list of programmes includes programmes from all of the connected online content 

sources. For test purpose, each group of programmes that was retrieved from a particular 

online content source has been separated from the other sources’ programmes by a blank 

line. As an example, in figure 6.20, the first group belongs to BBC-iPlayer while the 

second group belongs to YouTube. The third group belongs to Dailymotion and finally the 

fourth group belongs to The Movie Database. By clicking on any one of those 

programmes, the details of the programme will be displayed on the user interface as shown 

in figure 6.21. If the user likes this programme, then by pressing the “watch” button, the 

user can directly watch the programme through a browser page and the details of the 

programme will be added to their viewing history for the hour within which it was 

watched. Figure 6.22 shows an example selected programme obtained after pressing the 

“Watch” button and it is clear from the web address that it is the same as in figure 6.21. 
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Fig. 6.21 The Details of Selected Programme in Direct Search Operation 
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Fig. 6.22 Watching a Selected Programme from the displayed List 
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6.7 Summary 

This chapter has discussed the validation of a prototype EPG system and the results 

obtained from a series of tests and user trials. Based on these results, the following features 

of the designed system have been proved: 

1. The proposed architecture enables the system to retrieve programme metadata from 

all online content sources. This is evidenced from figures 6.4 and 6.20 which 

contain programmes from all of the four example online sources.  

2. The designed system offered a cloud-based EPG system which can serve online 

viewing where the resulted EPG information can be displayed in a web page with 

the recommended programmes being supported with their web addresses to enable 

the user to watch those programmes directly. This is evidenced by figures 6.21 and 

6.22. 

3. The system applies multiple recommendation schemes to enhance the 

recommendation process and provide personalized EPG which can suggest 

programmes based on the user’s viewing history (content-based approach), viewing 

pattern (collaborative filtering approach), viewing environmental features (context-

awareness) and social networks information retrieved from the user account and 

their friends’ accounts. This is evidenced by figures 6.6 to 6.14 and figures 6.17 

and 6.18. 

4. Social networks have been integrated and exploited to retrieve information from 

user accounts and those of their friends. By using liked, watched and want to watch 

categories the recommendation process has been enhanced and through the user 

trials it has been proven that it is possible to improve the precision of 

recommendations and decrease the Mean Absolute Error (MAE). Equally, reliance 

on the user’s viewing history can improve the precision of recommendation process 

but it needs enough data to achieve that while the social suggestions can provide 

good source of recommendations even from the first time of using the system. this 

is evidenced by figures 6.6 to 6.16. 

5. The system is able to interact with user’s viewing environmental features and 

recommend only the programmes that match the user device type and available 

network bandwidth as shown in Figure 6.17 and 6.18. This point supports the 

ability of the system to function as a cloud-based EPG system where it can serve 
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different types of devices which have Internet connectivity such as personal 

computers, tablets, smartphones and the Smart TV. 

6. It is worthy to mention that the storage area that has been used for both the user 

matrix and content matrix for 20 users was 4.453 MB (3.18 MB for User Matrix 

and 1.273 MB for Content Matrix). This will be valuable when the number of users 

increased where the type of information that stored using the unified format doesn’t 

occupy a large area in the database server. In order to highlight the scalability of 

the system in this aspect, simple calculations will be done as shown below. 

The storage size that required for the user matrix of 20 users is 3.18 MB which is 

approximately 3.2 MB. According to the size of viewing history for each user and the 

number of recommended programmes, an assumption will be made that with increasing 

the viewing history for each user, this size should be tripled which means that the storage 

size will be 9.6 MB or approximately 10 MB. If the relation between the increasing in 

number of users and required storage area is linear, the storage size that required for 1000 

users is 500 MB and for 10000 users is 5000 MB (5 GB). However, even the relation is not 

linear, the required storage area will still reasonable. The same calculations could be 

applied for the content matrix which is smaller than the user matrix. 

 

The next chapter will discuss the conclusions that have been determined based on the 

system design and the results evaluation chapters. Moreover, it will investigate the future 

work that could be undertaken for further improvement. 
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Chapter Seven 

7.1 Conclusions 

Whilst watching television continues to be popular but the mode of viewing has changed 

dramatically in recent years with a noticeable shift away from traditional linear viewing to 

catch-up and online. This has been further driven by the prevalence of laptops, tablets and 

smartphones. Similarly, both fixed and mobile broadband capacities have increased thus 

allowing high quality video streaming applications. With this trend towards online 

consumption of television and video content and the increasing number of online 

providers, there is a need for an EPG system which can communicate with all of the 

different online content sources. In that way, an EPG needs to become more focused on the 

programme rather than the concept of a channel. 

In this thesis, a system architecture has been developed to serve online viewing. A 

prototype of the designed system has been implemented using a combination of Matlab 

and PHP and evaluated through a series of functional tests and user trials. According to the 

research objectives that have been mentioned in chapter 1 and described through research 

questions, the following points are concluded based on the system design and the results 

evaluation chapters. 

1. How can a generic EPG system be designed that can interface with all the available 

online video content sources and include any new source without changing the 

system architecture? 

- A generic EPG system architecture has been presented to serve the online viewing. 

This system designed as a modular structure where each module represents a main 

functional part in the overall system. This system is extendible to include all the 

available online content sources without changing the system architecture. This 

system connected to four online content sources sequentially. It only needed to 

update a new search agent to interface with the new online content source and 

retrieve the needed information from it. 

2. How can a searching system be designed to locate all sources of online video 

content given the diversity of such sources and the large variation in metadata 

which is used to describe programme content? 
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- The proposed architecture has the ability to connect with any online content source 

through its searching system. The design of the searching system offered this 

feature through providing multiple search agents controlled by search agent leader. 

This gives the system the ability to adapt with the different content sources by 

developing a search agent can adapt and communicate based on the requirements 

of that online content source and modify the results to be compatible with the 

system requirements when this results forwarded to the search agent leader. 

3. Can a unified form of programme metadata be devised that works across all online 

video content sources? 

- A new unified format for programmes’ metadata has been adopted in our proposed 

system which consists of 21 parameters and describes the main programme’s 

features. This format has been used in all of the system’s operations such as 

recommendation operations. The search engines extracted theses parameters from 

the different online content sources’ metadata and used them in creating the content 

matrix to describe the programmes features. 

4. How can social networks be exploited within the recommendation process and 

what impact could this have? 

- Multiple recommendation schemes have been used in the proposed system to 

personalize the recommended list of programmes based on user’s viewing history 

(content-based), viewing pattern (collaborative filtering), viewing environmental 

features (context-awareness). These recommendation approaches have been used 

simultaneously to generate the recommendation for users through their EPG. 

- Integrating the information that retrieved from social networks enhanced the 

recommendation process. The evaluation metrics showed that this information 

increased the precision of recommendation and decreased the predicting MAE. 

Moreover, the system provided a solution for cold-start problem through using the 

initial categories selecting and social networks information to recommend 

programmes for users before using the online EPG in watching any programme and 

before creating the users’ viewing history. On the other hand, the system showed 

that viewing history needs to accumulate the information to a reasonable value in 

order to enhance the recommendation operation and being an effective parameter 

on the overall process. This meets with the other research approaches as shown in 

the literature review where the depending on only the user viewing history cannot 
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being a valuable method to obtain a satisfied recommendations and should be 

hybridized with other recommendation approaches in order to enhance the 

recommendation process. 

5. What aspects of a user’s context are important in recommending video content and 

how can these be integrated into the system design? 

- Filtering stage has been implemented on the final recommended list of programmes 

to match the user viewing device and available network bandwidth. The system 

was able to recommend programmes that are better tailored with the resolution of 

user viewing device and available network bandwidth. Moreover, the system 

integrated the time of viewing as an aspect in recommending the programmes for 

each user. 

6. How can the time required to execute the functions of the EPG be optimised to 

deliver a quality of user experience? 

- All of the operations within the EPG system are implemented when the user logged 

off their EPG. These operations include searching, recommendation, retrieving 

information and clustering operations. The only operation that is implemented 

when the user using the EPG is filtering the recommended list of programmes 

based on time and environmental features. This strategy has been adopted in the 

proposed system to reduce the perceived time for recommending programmes for 

each user. 

7. How can this generic EPG be designed to serve different displaying devices such as 

TV’s, laptops, tablets and smartphones? 

- The EPG system is designed as a cloud-based system. All of the operations have 

implemented in the installed server and the resulted data has stored in the same 

server. The designed user interface is simply could be created as web page. The 

filtering stage needs information from the user device, therefore, in order to serve 

different devices, an application should be installed on that device to be able to 

provide the required information and receive the offered services.  

The modular structure of this architecture provides flexibility in upgrading parts of the 

system without affecting the core functions and modules. Additionally, the unified format 

that has been adopted in the proposed system helped in using a small fraction of storage 

area that specified for user database server and content database server. That is because the 
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system stored only the important part of programmes’ features that is necessary to describe 

any programme and employ it for the different system operations. 

Finally, the findings from this work met with the contributions to knowledge that 

mentioned in Chapter one which are: 

1. Design a generic online EPG system architecture. The EPG system architecture 

depends on a modular structure and the modules that are connected with the 

external sources are extensible to include any number of online sources without 

changing the main structure. That is implemented through adopting a new unified 

metadata representation for the different metadata formats which retrieved from the 

online sources where this unified format will be used within the entire system. 

2. Exploiting features of social networks in a new way to support the recommendation 

system. The recommendation system has also been uniquely designed to employ 

four recommendation schemes to enhance the recommendation process and obtain 

a personalized list of programmes for each user. 

3. The EPG system has been designed as a cloud-based service, rather than a locally 

hosted service, which can serve any device that, has the ability to connect to the 

Internet. Therefore, the EPG provides the ability to appropriately match content to 

the viewing device and its context. 

7.2 Future Work 

This research has thrown up many questions that need further investigation. For example, 

work could be done to establish whether this system can be applied to other viewing 

systems such as IPTV, and conventional terrestrial or satellite viewing. The system 

architecture should be capable of doing this for all that is required is to develop a search 

agent for each of these sources that interfaces to the necessary receiving hardware.  

Further research could also be carried out to investigate different algorithms within the 

recommendation modules to provide more precise output.  

Further work could also be carried out to improve the interaction with social media 

including, for example, adding the ability to invite friends to watch a recommended 

programme or the ability of the system to notify the users about updates relevant to their 
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favourite programmes or to provide information about programmes which match their 

interests but which are not compatible with their current viewing environmental. 
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