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Abstract 

Smart TV has changed the legacy TV system by providing processing, storage, and 

connectivity capabilities. It provides better support for watching terrestrial TV channels as well 

as online web-based live channels, stored videos, and Web 2.0 features. This unique blend 

makes smart TV an attractive device for many households and thus the market share is 

increasing day-by-day. However, the unstoppable growth of multimedia content over the Web 

creates difficulties in finding the desired items and hence contributes to a cognitive overload 

problem. Browsing and searching for the desired content on a smart TV is not only time-

consuming but also difficult due to its lean-back nature, pull technology, and limited 

functionalities of its remote-control.  Although channels can be searched through Electronic 

Program Guides (EPGs) but still it is a difficult job due to scrolling a huge list of channels on 

the remote control. 

Besides these, recommender systems are also helpful to mitigate the issues of cognitive 

overload. A recommender system uses different parameters based on user demographics, 

watching history, and preferences to recommend the most relevant items. These parameters are 

easy to predict and calculate for a single user on a personalized device including personal 

computers or smartphones but challenging on smart TV because of its multi-user support and 

lean-back nature. Therefore, a group recommender system is more appropriate to meet the 

information needs of group of users. Several approaches have been proposed, such as 

aggregated predictions, preferences aggregation, etc.; however, these approaches may lead to 

not only privacy issues but also challenging for predicting the actual member of a group. 

Moreover, the in-depth analysis of user data on the server-side may further lead to serious 
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privacy issues.  In an ideal situation, a recommender system should recommend the right items 

to the right viewer(s). However, in a smart TV watching scenario, achieving this is neither 

simple nor accurate because of distinct watching behaviour and security concerns. Fortunately, 

the smart TV comes with not only processing and storage but also with support for camera and 

microphone that can be used for the secure identity of a user based on “age”, “gender” and 

“number of viewer(s)” locally and without any connection to the server. This thesis uses such 

approaches to identify viewer(s) and then generate novel group modeling techniques to identify 

different profiles in front of a smart TV. It proposes a novel grouping formula and age-gender 

matrix for generating group profiles based on age, gender, and number information. This 

information is collected using the Haar-Featured Cascade Classifier (HFCC) and 

Convolutional Neural Network (CNN) algorithm running on a smart TV to generate groups. A 

separate profile is generated for each group instead of merging the individual profiles or 

preferences. The proposed system is trained by using the MovieLens dataset and evaluated 

using GraphLab-Framework. The results are analyzed statistically and experimentally by using 

different tests and algorithms. The results showed a significant impact on recommendations to 

individuals and group users in front of smart TV. This thesis also proposes a statistical method 

for finding a dominant character in a group based on social metadata i.e. ratings. The finding 

suggests that existing recommender systems should adapt itself to the varying watching 

behaviour typically in a smart TV. Improving the recommender system for smart TV may not 

only contribute to user(s) satisfaction but it may also improve the conversion rate. 
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Chapter 1: Introduction                       

 

his chapter aims to introduce the research area in detail. The chapter starts with the 

introduction of a smart TV from the perspectives of both hardware and software. Being 

a connected device, the smart TV discussed in the context of web-related content, such as video 

sharing websites, i.e. YouTube, Netflix, web-based live TV channels, etc. Moreover, this 

chapter highlights some major differences between smart TV, smartphones, and legacy 

Television (TV) system. Furthermore, it introduces the different smart TV user interfaces and 

their role in interaction, navigation, profiling, and recommendations. This chapter further 

discusses the recommendation techniques, algorithms, and issues in existing systems in the 

context of a smart TV environment. The problem statements, research objectives, significance, 

and thesis’s contributions are also presented. 

1.1 Smart TV 

Smart TV is also known as connected TV; a television that provides basic television 

functionalities along with more advanced computing capabilities and web 2.0 features [1]. The 

smart TV has changed the legacy TV system by providing additional features of processing 

and internet connectivity. Smart TV is becoming a central hub for home entertainment in both 

developed and developing countries. The fast internet connections contribute by enabling smart 

TV for watching movies, dramas, shows and playing online games [2]. Besides, the full-duplex 

nature of smart TV provides a single platform for all types of entertainment including better 

support for audio/video content and games.  

T 
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The smart TV comes with operating systems, middleware, third-party platforms, and media 

players. The operating system of a smart TV is responsible for the management of hardware, 

software, and other activities related to connectivity, communication, and interaction [3]. The 

amalgamation of television with processing, internet connectivity, and web 2.0 features has 

made this device more attractive for viewers. 

The smart TVs are equipped with different operating systems, including Android, WebOS, 

Tizen, tvOS, etc., [1]. Some operating systems are brand-dependent and proprietary, such as 

tvOS, whereas opensource OSs are also available, such as Android.  The smart TV 

manufacturers are trying to produce market-dominant hardware and software for its smart TVs. 

For this, the companies are regularly updating their hardware and software capabilities. 

However, in this race, the companies bloating up their smart TVs with lots of extra features that 

create the problem of content and cognitive overload [4]. Different brands of smart TVs come 

with different operating systems, third-party platforms, middleware, and media players. As 

smart TVs have processing, storage, and connectivity capabilities and hence this machine can 

learn by identifying different usage patterns, including the user’s watching behavior, 

preferences, and interest. It has full support for cameras and mic that can be utilized for face and 

voice recognition [5]. 

In contrast to legacy TV, smart TV provides a more complex interface for retrieving the desired 

channel. A viewer is normally more interactive with smart TV and because of this, maintaining 

smart TV as a lean-back device is a challenge [1]. Smart TV is not personal; it is infotainment 

for all age groups, including mature audiences, such as senior citizens, etc. These non-technical 

viewers may face the problem of content and cognitive overload. Smart TV has the capability 

of connecting with the internet, which is a public network and usually not secures [6]. 
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Moreover, smart TV is hybrid in nature, supporting all external and internal sensors. These 

capabilities make smart TVs more prone to hackers. Currently, the burning issue is how to 

protect the privacy of user data while using this device.  

In traditional TV systems, we have a limited number of terrestrial channels. Switching between 

channels by using a remote control was not a serious issue. However, smart TV brings 

entertainment in the form of applications (apps in short) [1]. Although, the app-based 

entertainment provides rich content for watching; yet, the inter and intra-app navigation 

complexities and clutter interfaces create a big hurdle for smart TV viewers in the form of 

cognitive overload, learnability, and usability [7]. The concept of apps has revolutionized the 

smart TV industries. However, less attention has been given to universal and standard interfaces 

that are acceptable to every type of smart TV viewers including non-technical and senior citizens 

[8]. The competing market for smart TVs enforcing companies to produce rich hardware and 

software [9]. However, this practice leads to the problem of accessibility and usability.  

1.1.1 Computing Power of a Smart TV 

The growing hardware and software capabilities of smart TV has begun to threaten the 

existence of desktop computers, especially for home entertainment. Comparatively, desktop 

computers are much powerful than existing smart TVs. However, due to Ultra High Definition 

(UHD) large screens, connectivity capabilities, growing processing and storage capabilities, 

etc., smart TV is a strong competitor with a desktop computer, especially for home 

entertainment. In contrast to computers, the unique feature of smart TV is its lean back support 

that focuses mainly on watching instead of browsing or searching [10].  

Smart TV has a longer life cycle than smartphones and even computers. In the past, TV 

qualities were measured in terms of audio/video qualities. Presently, the story is different due 
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to the availability of rich-featured hardware/software, brand giants, competing apps market, 

built-in sensors, and so on. The development of smart TV has reached a turning point allowing 

companies to produce smart TV with rich hardware and software; however, this practice may 

create the problem of bloating a smart TV with unwanted applications.   

The life cycle of a smart TV is much greater than smartphones and computers, which makes 

the decision harder for purchasing a better-quality smart TV. A more content-oriented user 

interface should be introduced that required less interactivity, browsing and searching. The 

problems of content and cognitive overload should be kept in mind while designing a smart 

TV interface. In the race of hardware and software enrichment, maintaining smart TV as a lean-

back media is the forthcoming challenge for developers, software engineers, and User-Interface 

(UI) designers. This challenge needs a thorough investigation to maintain smart TV’s user 

interface a non-technical and less interactive. Protection against security and privacy breaches 

on a smart TV is still challenging. The reason is that smart TV comes with voice and gesture 

recognition systems and hence more prone to attackers, spammers, hackers, etc. The study 

contributes to the field of smart TV and may help practitioners to make smart TVs a less 

interactive, more secure, and personalized device. 

1.1.2 Smart TV User Interfaces  

The following paragraphs in this section aims to analyze smart TV user interfaces of well-known 

brands. As an example, an Android-based TV is significantly different from Apple’s smart TV 

in operations as well as in navigations. It is an operating system that makes a TV smarter and 

therefore, the companies are trying to produce smart TVs with the most acceptable operating 

system for their devices [11]. As discussed, smart TV is a long-term investment and hence a 

viewer has to choose the most advanced and updatable operating systems. Operating system 
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updates may increase the durability of a smart TV [12]. However, upgrading an operating 

system can affect the User Interface (UI) and may the problem of cognitive overloads, usability, 

and learnability issue, etc. The following are some well-known operating systems for smart TV. 

The most dominant and acceptable operating system for smart TV is an Android1 operating 

system introduced by Google incorporation. The main advantage of Android is that it is an 

open-source operating system used in many devices. Unlike android for smartphones, Android 

for smart TVs is in infancy stages. The latest version of the Android operating system for smart 

TV is Android Oreo, in which major changes have been done in User Interfaces. Some new 

features, such as watch next, channel customization, etc., have been introduced, as shown in 

Figure 1.1.  

 

 Figure 1.1: Android Oreo Smart TV User Interface 

Apple has introduced tvOS2 for its smart TV boxes. tvOS is a proprietary operating system 

specially designed for smart TV viewers. Figure 1.2 shows the initial user interface. A viewer 

 

1 https://www.android.com/ 
2 https://developer.apple.com/tvos/ 
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can enjoy an apple smart TV by using a modern Siri remote that comes with the 4th generation 

of Apple smart TVs.  

 

 Figure 1.2: Apple 4th Generation TV interface 

Tizen3 is an open-source Tizen operating system mostly used by Samsung’s smart devices, 

including smart TVs. Figure 1.3 shows the initial interface for Tizen-based Samsung smart 

TVs.  

 

 Figure 1.3: Tizen-based Samsung smart TV[13] 

 

3 https://www.tizen.org/ 
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WebOS4 is an operating system introduced by LG Electronics for smart TVs [14]. It is an open-

source operating system, which is based on the Linux kernel. Figure 1.4 shows a user interface 

of WebOS-based smart TVs.  

 

 Figure 1.4: LG WebOS-based smart TV interface[15] 

1.1.3 Content Consumption on Smart TV 

The most common approaches for watching the contents on a smart TV are browsing and 

searching for desired content from robust and diverse data sources, such as stored videos, live 

channels, clips, etc. However, such rich and growing data sources make it difficult to search 

for the desired content [16]. The reasons include the (a) widely used legacy remote controls, 

(b) lean-back nature of the smart TV, (c) specialized entertainment device, and (d) a device for 

all types of viewers. The details are: (a) apart from the availability of a variety of input devices 

and smart remote controls, the legacy remote is still widely used with smart TVs and limits 

frequent interactions; (b) in the lean-back, the contents are normally enjoyed in passive mode 

and preferably less interactively; (c) the smart TV is a specialized entertainment device, 

normally used for watching the videos, movies, live channels, and playing games; (d) the smart 

 

4 https://www.lgwebos.com/ 
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TV is for every type of viewer, including senior citizens, non-technical persons, and kids. 

Hence, searching and browsing are among the difficult activities on smart TV [6]. Although 

electronic program guides (EPGs) may help in searching the desired channel, due to a 

significant collection of channels and programs on EPG the searching and scrolling is a difficult 

task [3]. In addition to searching and browsing, the recommender system helps in reducing 

information overload by helping a user to select the best items from a significant collection of 

items [1, 7, 8]. For more details on a smart TV, please see chapter 2, which is dedicated to a 

detailed overview of smart TVs.  

The Web is a massive collection of multimedia data with no hard restrictions on its content and 

normally free from time and location constraints [17]. It provides a lot of open and freely 

available data sources that can be streamed on smart TVs, as shown in Figure 1.5. Due to 

diversity and broad geographical coverage, most of the legacy TV channels are broadcasting 

their TV contents as a web-based streaming service [9].  In contrast to traditional simplex TVs, 

smart TV provides a more complex User Interface (UI) for searching and retrieving desired 

content. This searching process creates problems of content and cognitive overload. For helping 

a viewer, the most widely used method for searching desired content is through the Electronic 

Program Guide (EPG) [18]. However, scrolling the long list of programs on EPG requires lots 

of manual efforts, which is not welcomed by smart TV viewers.  In most of the households, 

smart TV is enjoyed in groups. However, on the web-server, a single consolidated profile is 

created. This consolidated profile cannot be the true representative of the whole group due to 

age differences and the dynamic interest of individuals. Furthermore, the web is a massive 

collection of uncensored multimedia content and hence strong parental control is needed 

especially for smart TV viewers. To the best of our knowledge, no proper mechanism is 

available for controlling the web content delivery for smart TV viewers. A smart TV viewer can 
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watch these uncensored multimedia contents and hence the Parental Mediation research needs 

further investigation [19].  

 

 Figure 1.5 The general scenario of different data sources on smart TV 

1.2 The Recommender Systems  

A recommender system is a software tool that recommends suitable items to a user or group of 

users [20]. It infers user interests by utilizing various sources of data, such as user profiles, 

clicks, and feedbacks (ratings, and likes/dislikes) [21, 22]. However, in a smart TV 

environment, such data are neither accurate nor simple to predict or calculate because smart 

TV represents a set of users with diverse interests and tastes. This distinct watching behavior 

and purpose make smart TV a unique device; however, the recommender systems consider the 

smart TV as an ordinarily connected device and recommend items based on activities 

performed by a single user or group of users. Such approaches are neither viable nor accurate 

to recommend items to the exact viewer(s) of smart TV. Hence, in the context of smart TV 

viewing scenarios, content filtering, channel recommendation, scheduling programs, and 

personalized viewership are challenging opportunities[23]. 

The recommender systems use numerous approaches for recommendation process. Examples 

of such approaches include content-based filtering, collaborative filtering, and hybrid 
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approaches. The content-based filtering techniques rely on the user’s profile information and 

the item’s profile information [24]. However, smart TV is normally enjoyed in groups, and 

hence, the user’s profile information cannot represent the whole group of viewers. Therefore, 

content-based filtering is not suitable for a smart TV watching scenario. The collaborative 

filtering approaches rely on user feedback, i.e., implicit feedbacks and explicit feedbacks. The 

implicit feedbacks are calculated from user activities, such as navigation, browsing, etc.; 

whereas explicit feedbacks are provided by the user in the form of likes/dislikes, rating, etc., 

[25]. A smart TV viewer rarely provides explicit feedback. Therefore, specifically in the 

context of smart TV, we are left with only a few implicit feedbacks for recommending relevant 

items to the viewer(s) [25]. In hybrid filtering techniques, both approaches are combined to get 

better recommendations. However, it suffers from the inherent issues of both content and 

collaborative filtering approaches. Although some hybrid recommender systems, such as 

discussed in [26], combined several techniques for achieving accuracy; yet, most of the 

techniques demand active feedback from the user, which is not welcomed by smart TV viewers 

due to lean-back nature of a smart TV. Moreover, we cannot expect the same interactions from 

viewers as they normally have with computers and smartphones [11]. In addition to the 

interactive nature of smart TV, it is enjoyed as a lean-back device and passive as legacy TV 

systems [27]. 

The approaches for analyzing user activities, such as data mining, clickstream analysis, and in-

depth identification of a viewer(s) may lead to serious security and privacy threats [28]. 

Although security and privacy issues for smart TV are in the infancy stage, they are the most 

important concerns for smart TV viewers [29]. Security and privacy are usually ignored by the 

buyer, seller, and even by the manufacturer [16]. Such concerns need a thorough investigation 

to make smart TV more user-friendly and intelligent. As discussed, a smart TV can provide 
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rich types of entertainment on a single platform; however, smart TVs are widely used for 

streaming live channels and movies [30, 31]. This distinct nature puts a question mark on the 

performance of the existing recommender systems because these systems are specially 

designed for personalized recommendations on personalized devices, such as smartphones and 

personal computers. The existing recommender systems can handle the feedback that comes 

from computers and smartphones; however, the feedback that comes from smart TV needs 

further investigation for recommending relevant items to the viewer or group of viewers. 

1.2.1 Group Recommendations on Smart TV  

In the smart TV watching scenario, group recommendations play a vital role. It is because, in 

most of the households, the smart TV is enjoyed in a group for watching movies, dramas, news, 

etc.,[32]. Different approaches are used for group recommendations, such as aggregated 

predictions and aggregated models for preference aggregation of individuals in a group [32-

34]. However, the approaches for the identification of group members is based on predictions 

and estimation. Furthermore, due to the diverse interest of individuals; aggregated predictions 

and preferences aggregation are not feasible solutions and may lead to privacy issues. 

Therefore, the exact identity of group members and satisfying every group member is still 

challenging (see Chapter 4 for more details on group recommendations). 

This thesis also identified some overlooked factors that affect the recommendation process and 

recommendation results on a smart TV. The factors are validated by the results of a subjective 

study conducted for this research [20]. The first factor that affects the recommendation process 

is the group of viewers in front of a smart TV. The recommender system considers smart TV 

as a single viewer; however, there may be groups having diverse interests. The second factor 

that affects the recommendation process is the limited provision of feedbacks by the viewer. 
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The reasons for such limited provision of feedbacks include the lean-back nature of smart TV, 

legacy remote controls, and the shared nature of smart TV. The third factor that affects the 

recommendation results is the different watching behavior of smart TV viewers. The smart TV 

is normally used for watching movies, videos, and live channels. The viewer rarely uses a smart 

TV for reading news, books, articles, etc. Therefore, navigating between video, movies, and 

channels provide limited feedbacks to the recommender system. The app-based and complex 

user interfaces are the fourth factor that affects the recommendation process. The smart TV 

comes with an operating system and applications (apps in short). Therefore, navigating 

between channels means navigating between apps, which create hurdles in calculating the 

viewer(s) interests. The fifth factor that affects the recommendation process is the shared nature 

of smart TV. The focus of the recommender system is the delivery of personalized 

recommendations; however, in most cases, the smart TV is not a single user or personalized 

device. 

1.3 Problem Statement 

Recommendations play a vital role in information seeking and retrieval. The web recommender 

systems are growing day-by-day and extensively used by most of the social networking and 

business web sites. The user activities, such as clicks, and presses, provides input to the 

recommender system, which in turn recommends items that are supposed to be relevant to a 

user. The input to recommender systems works on the philosophy of user feedback, which may 

be implicit, explicit or hybrid. This feedback creates a user profile on a service provider 

website, which is used by the algorithm of recommender systems for relevant 

recommendations. The recommender systems and algorithms work significantly for 

personalized gadgets such as computers, laptops, and smartphones. It is because a single profile 
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is built for a single user working on these devices. However, smart TV is not a single user 

device and normally enjoyed in groups.  

 

 Figure 1.6: The difference between recommendations on personalized devices 

and smart TV 

There may be multiple profiles in front of a smart TV, and the recommender system of a 

service-provider can create a single consolidated profile for these multiple profiles, which is 

not feasible due to the distinct interest of individuals.  This multi-user phenomenon creates 

hurdles in relevant recommendations for every member of a group.  Therefore, in the case of 

content delivery for groups and families, the recommender systems have limitations in relevant 

recommendations. Figure 1.6 depicts the difference between recommendations on personalized 

devices and recommendations on a smart TV. Moreover, the reasons that create hurdles in 

relevant recommendations include the login information (email-based registration, etc.) of a 

single user that may represent a whole family or group. The second issue that may arise during 

the recommendation process is the apps (channels) that recommend items based on previous 



38 

 

 
 

Tailoring Recommendations to Groups of Viewers on Smart TV: A Real-Time Profile Generation Approach 

 

watching history. A consolidated history cannot represent every individual in a group because 

of diverse and dynamic interests. We argue that smart TV should recognize not only every 

individual in a secure way but also calculate the groups based on certain criteria, such as age, 

gender, and the number of viewers. These may provide better intimations and clues to a 

recommender system for relevant recommendations. The recognition should be secure and 

should not expose to the external world for maintaining the privacy of TV viewership data.  

1.4 Aims and Objectives 

The following are the main objectives of this research. 

• To investigate the issues and challenges in existing group recommender systems for 

content recommendations on Smart TV. 

• To model the individual and group viewers of smart TV for improved group 

recommendations. 

• To design a group recommender system based on the viewer(s) modeling in a smart TV 

watching scenario. 

1.5 Significance and Research Contributions 

As discussed, the recommendation on a smart TV is based on a single consolidated profile; 

however, in actual scenarios, the smart TV may be enjoyed in groups. This situation creates 

hurdles for existing recommendation algorithms. Although, different approaches are used for 

group recommendations, such as aggregated predictions, preferences aggregation, etc.; 

however, these approaches may lead to privacy issues. It is because the identity of group 

members is based on predictions and estimations and usually performed on the server-side, 

which may expose the viewer(s) privacy. It is argued that the privacy of viewership data should 
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be ensured by the recommender system, especially in a smart TV environment. In this work, 

we proposed a novel group recommender system on smart TV by using a real-time profile 

generation approach. The proposed solution work by incorporating the features of group 

modeling and user watching behavior. We used “age”, “gender”, and the “number of viewers” 

information for generating real-time profiles and groups.  

The discussion of this chapter concludes that the existing recommender systems are neither 

efficient nor flexible enough to cope with issues of recommendations on a smart TV. Improving 

the recommender system for smart TV may not only contribute to user(s) satisfaction, but also 

it may improve the conversion rate. The findings of this thesis suggest that in a smart TV 

environment, the recommender systems should recommend the right items to the right 

viewer(s) by considering the actual identity, watching behavior, and feedbacks. This thesis may 

help the practitioners for redesigning the recommender system algorithms and approaches 

specifically for recommendations on a smart TV. The thesis contributes to the following 

domains: 

• The first part of this thesis is dedicated to reviewing the existing literature critically. 

We presented a comprehensive review of smart TV, recommender systems, 

recommendation process, and user modeling.   

• The thesis presents the core issues of the recommendation process, algorithms, and user 

modeling in the context of a smart TV watching environment.  

• It presents the key issues and grey areas in group formation and group 

recommendations.  
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• It proposes a novel grouping technique based on “age,” “gender,” and “number of 

viewers” from actual viewers in front of a smart TV. These techniques are secure than 

capturing the pictures of viewers.  

• The results are generated and evaluated by using popular datasets, such as MovieLens 

dataset.  

• The limitations of this work and some open research questions are also included, along 

with some discussion on future work in the last chapter. 

1.6 Summary 

This chapter 1 was dedicated to the introduction of our research area. The chapter highlighted 

some key concepts regarding smart TV, recommender systems, group recommendations, and 

issues in existing systems. The aims and objectives, significance, and contributions of this 

thesis were also elaborated. In the next chapter i.e. Chapter 2, we will discuss the smart TV in 

detail. The rest of the thesis is divided into four parts. The first part (Part-I) is divided into 

three chapters i.e. Chapter 1: Introduction, Chapter 2: Overview of Smart TV, Chapter 3: 

Overview of Recommendation on a smart TV. The second part (Part-II) is the related work 

and issues in the existing system. It includes Chapter 4: User Modeling/Profiling and Group 

Recommendations, and Chapter 5: Limitations of the existing systems. Part three (Part-III) 

is the methodology, proposed solution, implementation, and results and analysis. It includes 

Chapter 6 and Chapter 7. The fourth and last part (Part-IV) consists of one chapter i.e. 

Chapter 8: Conclusion and future work.  
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Chapter 2: Understanding Smart TV 

his chapter provides a details review of smart TV from different viewpoints including 

software and hardware. The discussion starts from smart TV history and ends on the 

issues and limitations in existing smart TV hardware and software from technological, 

usability, and recommendations perspectives. Purchasing a smart TV is a long-term 

investment. It’s not feasible to replace a smart TV in quick succession. Therefore, purchases a 

smart TV needs a wise decision. The qualities of the earlier television were measured in terms 

of video and audio. However, today the story is different because of the availability of the rich-

featured software, i.e. operating system and hardware i.e. screen size, pixels, High Definition 

(HD), Ultra High Definition (UHD), etc. The unique blend of the TV with processing and 

connectivity makes smart TV as a primary choice for home entertainment. However, compared 

with other smart devices, smart TV is still in the infancy stage. Smart TV manufacturers are 

producing rich-featured smart TVs (discussed in detail in this Chapter). However, less attention 

has been given to privacy, security, interactivity, and personalization. 

2.1 Smart TV Evolution 

Television is a universal entertainment device for all and still popular around the globe [20]. 

Entertainment has many forms such as movies, dramas, games, etc., [35]. Smart TV has rich 

support for all types mentioned above of entertainment. The average hours spent on TV are far 

exceeding the combined activities on computers and smartphones [36]. Still, on average, 5+ 

hours/day are spent on watching TV [37, 38].  

The first patent related to smart TV was filed in 1994 for an intelligent TV system, linked with 

the data processing system and a network (analog/digital) that allow the user to download the 

T 
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software as per their requirements [35]. Since that, a smart TV has transformed from traditional 

TV systems in many folds [39]. It has more advanced processing and communication 

capabilities than ordinary TV[2, 40].  It can deliver multimedia content from the internet and 

present it in a user-friendly interface [41]. Besides hardware capabilities, the middleware, 

operating systems, and third-party platforms make a smart TV smarter than legacy TV systems. 

The smart TV comes with a variety of hardware and supporting software in the form of 

operating systems and middleware [42]. However, for this study, we have chosen state-of-the-

art smart TV operating systems (see Table 2.1), which are Android by Google, Tizen by 

Samsung, tvOS by Apple, WebOS by LG incorporation, and Windows by Microsoft [43]. The 

companies are facing tough competition and hence trying to attract customers by launching 

rich hardware and software for their smart TVs. Besides, every smart TV has app stores, from 

which applications can be download.  

 Table 2.1: Smart TV’s Operating Systems 

Operating System Owner Based on Type   TV/TV-Boxes 

Android  Google  Linux Open Source  Sony, Philips, Sharp  

tvOS Apple  BSD Proprietary  Apple TV Box 

Tizen Samsung  Linux  Open Source Samsung TV 

WebOS LG Linux Open Source LG TV 

Windows  Microsoft Windows  Proprietary Windows TV Box 

 

As per a report by [44], 244.4 million smart TV units have been shipped worldwide and 

continue to grow, as shown in Fig 1. This high penetration rate shows the interests of viewers 

in smart TVs.   
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Comparatively, smart TVs are still behind computers in terms of processing and storage 

capabilities. Therefore, we are not comparing desktop computers for all types of jobs and tasks. 

We are comparing smart TVs with desktop computers in a specific domain, i.e. home 

entertainment. Although the purpose and nature of smart TV are different from desktop 

computers, yet there are some similarities, which are discussed in Table 2.2. Some smart TVs 

have camera and sensor support that makes a smart TV more intelligent than a computer and 

legacy TV [45, 46]. 

 

 Figure 2.1 TV unit shipments from 2011 to 2017 (in millions) [44] 

2.2  Smart TV from Hardware Perspective 

A variety of hardware comes with smart TVs. Most of the companies are trying to produce 

smart TVs with their proprietary hardware including System-on-Chips5 (SoCs). The quality 

(good, better, best) of smart TV hardware depends upon the viewer’s watching behavior and 

 

5 https://en.wikipedia.org/wiki/System_on_a_chip 
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taste. For making discussion unbiased, we are describing the general hardware that every smart 

TV is equipped with it. 

In contrast to desktop monitors, smart TVs come with 4K display and compatible with High-

Dynamic-Range6 (HDR). These provide a better watching experience on large screens. The 

sub-sections describe smart TVs from hardware perspectives. 

  Table 2.2: Similarities between Smart TV and Computer 

2.2.1 Processing Power 

The data processing unit of a smart TV makes this device different from the traditional TV 

system. Smart TV has built-in CPU for processing systems and user instructions/commands. 

Due to processing and connectivity features, it is becoming a central hub for accessing different 

multimedia contents, including online games, etc. Furthermore, processing capabilities enable 

smart TV to recognize the voice and gesture [41], which are used for interaction with a smart 

TV. The smart TV comes with a variety of processors including Octa-core processors that can 

be utilized for various projects including smart homes, Ambient Assisted Living (AAL), and 

Internet of Things (IoT) [45].  

 

6 https://en.wikipedia.org/wiki/High-dynamic-range_imaging 
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The processor of a smart TV is capable to run heavy games and hence it is becoming the first 

choice for video game lovers. A study conducted by [47], showed that the majority of 

participants had selected TV as their first choice to interact with games at home, compared to 

computers and smartphones. Video games required powerful processors and thus, companies 

are releasing smart TVs with state-of-the-art CPUs/GPUs. The processing power and its growth 

indicate the birth of a more powerful smart TV in the future. Comparatively, desktop computers 

are more powerful than smart TV in clock speed, storage capabilities, support for heavy 

operating systems, etc. However, smart TVs are growing at full pace, grabbing more 

functionalities of a standard computer. 

2.2.2 Device Interfaces 

Device interfaces are used for the exchange of data between two connected devices. 

Resembling with computer hardware interfaces, smart TV and TV-boxes comes with a variety 

of hardware interfaces. These interfaces include USB, HDMI, Infrared (IR) receiver, 

Audio/Video ports, Wi-Fi antenna, Bluetooth, Ethernet, etc.,[48, 49]. The following Table 2.3 

shows the operating systems and support for state-of-the-art hardware interfaces.  

 Table 2.3 Hardware Support by Different Operating Systems 

Operating system Customization  Updates Hardware Support  

Android  Yes  Yes  Yes  

tvOS Yes Yes  Yes  

Tizen  Yes  Yes  Yes  

WebOS Yes  Yes  NO 

Windows  Yes  Yes  Yes  
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The operating systems of smart TV and TV boxes have rich support for such interfaces. 

Besides, the companies are regularly updating their operating systems and middleware to 

support state-of-the-art hardware, including better support for interactivity. 

2.2.3 Connectivity 

The smart TV comes with built-in Wi-Fi, Ethernet (RJ45) port, and Bluetooth for connectivity 

[48]. Also, a smart TV has support for wireless (normally a Bluetooth enabled) keyboards and 

mouse that provides better interactivity than legacy TV remote-control. Using web 2.0 features 

on smart TV enables viewers to comment, rate, or tag using keyboards that are connected with 

a smart TV. Some keyboards offer mouse-pad for better navigation and browsing on smart TVs 

[50]. Rich support for connectivity and interactivity makes a smart TV as a miniature of desktop 

computers for most of the entertainment including playing online games and watching movies 

etc.  

2.3  Smart TV from a Software Perspective 

Besides rich-featured hardware, an operating system makes a smart TV smarter than a legacy 

TV system. The operating system runs the system and application software. The smart TV 

comes with a variety of operating systems, middleware and platforms [42]. The features 

discussed in the below sub-sections describe smart TV from a software point of view.   

2.3.1 Smart TV’s Operating Systems  

Smart TVs come with a built-in operating system that supports varieties of infotainment. 

Hence, manufacturers are taking a keen interest in the most acceptable and dominant operating 

systems for their devices [11]. Before the introduction of smart TVs, the main issues for 

purchasing a TV were screen size, durability, and audio/video qualities. Nowadays, the story 
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is different. A viewer has to opt for the best quality hardware along with rich-featured software 

including the built-in operating system. Smart TVs have a longer life cycle than smartphones 

and computers. This is because; smart TV cannot be replaced as fast as smartphones or 

computers. However, un-updated software may shorten the life of a device. Therefore, software 

updates are released for most of the smart TVs, which may increase the life of a smart TV. 

However, upgrading the software or operating system may create the problem of cognitive 

overloads, learnability issues, etc. 

2.3.2 App Stores for Smart TV 

Smart TV capabilities are not limited to entertainment only. The smart TV comes with pre-

installed applications. Besides, a user can install applications from different app-stores [6]. 

Application for android smart TV can be downloaded from Google’s Play-Store. As an open-

source and less restriction on upload, Google’s Play-store is the largest app store for 

smartphones, wearable devices, and smart TVs.  The android market growth rate is much 

greater than others including Apple’s iTunes for smart TV [11]. From a hardware point of view, 

the key factor of android success is rapid upgrades. However, from a user’s point of view, rapid 

upgrades are not always welcome. The reason is that rapid updates may disturb the learnability 

and mental model of the viewer. No doubt, the competition is tough but android as an operating 

can compete due to rich support of hardware and huge application market.   

2.3.3 Smart TV’s Bloatware  

Bloatware are pre-installed and often non-removable applications that come with smart devices 

like tablets, smartphones, and smart TVs [51, 52]. Bloatware are installed by the companies or 

Original Equipment Manufacturer (OEM) for commercial reasons and incur a cost on the 
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customer [52, 53]. They have a high cost in terms of memory and CPU usage and battery 

consumption but provide only minimal functionality. For example, some studies report that 80% 

of the users use only 20% of the features of bloatware but have to pay the full cost of the software 

in addition to paying the cost in terms of hardware overload [54]. The problem is aggravated by 

the fact that the bloatware in smart TV are stored in the expensive primary memory instead of 

low-cost secondary memory as in the case of computers. Furthermore, smart TVs have limited 

display screens, and bloatware may unnecessarily use screen space required by other 

applications. Last, bloatware may pose a security threat to user data [52, 55]. For example, some 

bloatware acts as Trojan-horse [56] and can damage user’s private data such as passwords, PIN 

codes, contacts, etc. As smart TVs make extensive use of the internet, such data may be exposed 

to others especially to bloatware, which abounds on smart devices [57]. There is no mechanism 

available on a smart TV to restrict an application from accessing unnecessary resources. 

Denying access permissions will not work because it restricts the user’s ability to install new 

applications. Besides, many android devices don’t implement a sound access permission 

mechanism [1, 58] and this may increase the possibility of security and privacy failure in a 

smartphone [3].  

Poor compliance with software engineering standards for mobile applications may result in 

applications that are not optimized for efficient usage of hardware resources.  Likewise, issues 

related to privacy & security of personal data in smart TV are not the only problems caused by 

bloatware. Other problems caused by bloatware are performance degradation, wastage of screen 

space, and a low rating for companies when users assign low rates to products they perceive as 

unwanted or intrusive/disruptive. Besides, bloatware may also cause direct financial costs to the 

customer. Little attention has been paid to the problem of bloatware so far. Similarly, tools for 



49 

 

 
 

Tailoring Recommendations to Groups of Viewers on Smart TV: A Real-Time Profile Generation Approach 

 

detecting and removing malware or blocking adware abound yet the problem of bloatware has 

not been satisfactorily handled. Most importantly, the problem of bloatware has not been studied 

and understood thoroughly. 

2.3.4 Development Tools & IDE 

The computing capabilities and operating system of a smart TV are capable of running a variety 

of software. These software may be utilities or applications, which can be installed from 

different apps-stores. This feature of a smart TV enables software engineers, developers, and 

companies to develop state-of-the-art applications including games [30]. Numerous Integrated 

Development Environment (IDE) and computer languages are available for the development 

of applications for smart TVs. Some examples of smart TV platforms, IDEs, and supporting 

programming languages are enlisted in Table 2.4. 

 Table 2.4 Smart TV Platforms and IDEs 

Platform  IDE  Programming language 

Android OS  Android Studio  Java  

tvOS Xcode Swift 

Tizen  Tizen Studio/ Visual Studio C# 

WebOS  WebOS SDK Java 

Microsoft  Visual Studio .Net programming languages  

Android7 is an open-source operating system based on Linux kernel. The most popular 

language for android development is Java. Android has its Integrated Development 

Environment called Android Studio. The android operating system is still in its initial stages 

for smart TVs.  

 

7 https://www.android.com/ 
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Apple, as a competitor with android, has its operating system called tvOS8. The available IDE 

for tvOS is Xcode with a programming language called Swift [59]. The tvOS is a proprietary 

operating system for Apple’s smart TV (Apple’s TV-Boxes).  

Tizen9 is another well-known competitor in the smart TV domain. Tizen is an open-source 

operating system managed by Samsung [60, 61]. A developer can use either Tizen studio or 

Visual Studio for developing an application for Tizen based devices.  

WebOS10 is also a well-known operating system in smart TV industries, managed by LG. 

WebOS is an open-source operating system based on Linux kernel.  Table 2.4 is a detailed 

description of different operating systems from the developer’s perspectives. 

Windows is a Microsoft proprietary operating system for a variety of devices, including smart 

TV (TV-boxes), smartphones, computers, etc., [62]. Windows applications can be developed 

in Visual Studio. The supported programming languages are Microsoft’s C, C++, and Dot Net 

(.Net) programming languages.  

2.4 The Smartness of Smart TVs  

Similar to a standard desktop computer, smart TVs are used for socializing, browsing, sharing 

and watching videos, movies, clips, etc., [63]. Besides resemblances with legacy TV systems, 

smart TV provides better watching experiences on non-technical user interfaces [45]. Watching 

behavior is different from device to device. For example, a user has to be more interactive with 

the computer while smart TV should be passive as legacy TV. Similarly, the smartphone is 

 

8 https://developer.apple.com/tvos/ 
9 https://www.tizen.org/ 
10 https://www.lgwebos.com/ 
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more personal and mobile, which a person can carry with himself, while the smart TV is 

normally fixed on a static place with a longer life cycle than a smartphone and even computers. 

From a usage point of view, it is hard to say that smart TV will replace the standard desktop 

computers. Table 2.5 enlists major differences between a smart TV and other devices such as 

legacy TV systems, computers, and smartphones. 

 Table 2.5: Difference between Smart TV and other Devices 

Features  Legacy TV 

System 

Smart-

TV/TV-Box 

Computer Smartphones 

Primary 

interactive 

device 

Remote 

control 

Remote 

control 

Mouse, 

Keyboard 

Touch, 

Keyboard 

CPU No Yes Yes Yes 

Lean back 

support 

Yes Yes No No 

Personalizati

on  

No NO Yes Yes 

OS No Yes Yes Yes 

Private  No May be Yes Yes 

Mobile  No No Yes Yes 

Interactive  No Yes Yes Yes 

Storage  No Yes Yes Yes 

Tracking No Yes Yes Yes 

History/Logs No Yes Yes Yes 

Apps No Yes Yes Yes 

Browser  No Yes Yes Yes 

Wi-Fi No Yes Yes Yes 

IR receiver Yes Yes No No 

Bluetooth  No Yes Yes Yes 

Privacy Risk  No Yes Yes Yes 
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However, smart TVs are hybrid, grabbing the processing and network capabilities from the 

computer. Besides processing and connectivity, smart TVs have full support for internal and 

external sensors, such as camera, face detection, and recognition, voice recognition, etc. Other 

external sensors that may be attached to smart TVs are environmental sensors (thermometers 

etc.), health-related sensors, light/ambient sensors, etc The smart TV comes with large screens, 

operating systems, and storage, i.e. RAM and ROM.  These capabilities make a smart TV a 

gaming console for game lovers. About three million users play Samsung11 Smart TV games 

every month.  A game can be installed and maybe played online by using remote-control or 

keyboard and mouse. Besides, the Ultra High Definition (UHD12) support makes smart TV as 

a primary choice for games [64].  

Smart TV is inherited from the legacy TV system and hence supports the overall functionality 

of traditional TV systems. Smart TV is hybrid and has full support for streaming web-based 

TV channels, such as YouTube, Netflix13, etc.,[65].  The hybrid nature of smart TVs has more 

watching options than legacy TVs and computers. A viewer can enjoy free and commercial TV 

channels on subscription. The web-based channels can be watched on desktop computers with 

large screen displays. However, smart TVs being dedicated devices for watching TV contents, 

movies, clips, etc., are more flexible in providing better watching experiences [66].   

A smart TV has full support for web 2.0 features that makes a smart TV superior to legacy TV 

system. Web 2.0 features enable viewers to read/write comments, writing blogs, tagging, 

socializing, etc.,[67]. These features make a smart TV as social TV [68, 69]. Smart TV has 

 

11 http://www.samsungpokies.com/news/how-to-play-games-on-a-samsung-smart-tv/ 

12 https://en.wikipedia.org/wiki/Ultra-high-definition_television 

13 https://www.netflix.com 
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better support for keyboards and pointing devices and hence provides an easy way to comment 

and write blogs online by using smart TV’s large screen.  The large screen of smart TV is more 

suitable for reading news, books, stories, etc., especially for visually impaired people. The 

operating system, device manufacturer, and third parties provide app-stores for downloading a 

variety of useful applications. Besides watching TV programs/contents, some useful apps 

related to reading can be enjoyed on smart TVs [70].  

Smart TVs are fixed on a single physical location that provides better clues for location 

detection. By using and analyzing the viewer’s physical locations, the companies may target 

their customers in a better way than computers and smartphones. The TV is not for individuals; 

it is for group and families, and hence one major issue that is not yet resolved is group-based 

personalized content delivery.  Table 2.6 shows some unique brand dependent features of smart 

TVs. 

 Table 2.6: Brand Dependent Features of a smart TV 

Smart TV Brands Smart Homes 

Feature  

Display 

Quality 

Unique features  

Apple  

(Smart TV box) 

No  4K - 

LG  

(WebOS-base) 

Yes  4K ThinQ-AI 

Samsung  

(Tizen-based)  

Yes  4K  S-Recommendation  

Sony  

(Android-based)  

Yes  4K Google Assistant  

Some major branded smart TV manufacturer has introduced the most advanced features, such 

as LG and Google, have introduced ThinQ14. In ThinQ Artificial Intelligence (AI), one can 

 

14 https://www.lg.com/us/lg-thinq 
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easily manage the smart home device by using voice commands on smart TV [71]. 

Furthermore, Samsung has introduced smart-hub for managing smart-home environment and 

S-recommendations15, in which the contents are delivered based on the user’s interests. Apple 

company introduced the Siri, which is a modern remote control for its fourth-generation smart 

TVs [72]. 

2.5 General Issues Related to Smart TV 

Smart TV is becoming a pervasive device for home entertainment. However, some issues and 

challenges need further investigation.  The following sub-section presents the issues and 

challenges that are associated with smart TV from both viewers and manufacturer perspectives.  

In contrast to legacy TV, which is a lean back media, smart TV comes with complex interfaces 

that require more interaction. Maintaining smart TV as a passive device is challenging due to 

numerous factors such as network connections, audio/video quality, content sources, web 2.0 

features and applications [40]. TV and electronic games have negative effects on health, 

including unhealthy weight gain due to low physical activities [73]. Too much TV watching 

poses threats to the eyes and brain [74]. No doubt, the smart TV screen is better than ordinary 

TV, but still, one has to sit far away from a smart TV due to the omission of rays, which may 

affect eyes and skin.  

Operating systems are growing fast but making simple things more complex, especially in the 

context of smart TVs. The companies are trying to produce rich-featured applications for their 

devices. However, TV is becoming infotainment for all age groups including senior citizens, 

 

15 https://www.samsung.com/us/explore/smart-tv/highlights/ 
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which could face the problem of content and cognitive overload [1]. Creeping featurism may 

increase the frustration and may disturb the mental model of viewers due to changes in 

interfaces that appear after major updates. Rapid updates are not always welcome by the 

viewers. Although updates and creeping featurism are due to public demands, this phenomenon 

may result in bloating a smart TV device. Bloatware may further demand cognitive overload 

from viewers [4].   

Smart TV can capture private data for different purposes, including the delivery of personalized 

content. For utilizing full smart TV capabilities, the smart TV must be connected with public 

networks (internet), which are always prone to intruders in the form of hackers, crackers, 

spammers, etc., [6]. Security and privacy have been hot issues since the introduction of the 

internet. As smart TV is a connected device, security and privacy is a big concern for smart TV 

viewers [41]. It may have high-security risks than computers and smartphones due to small 

size operating systems, built-in cameras, mic, and sensors [46, 70]. 

Smart TV is for all age groups. Retrieving an application or channel of interest is not as easy 

as it was on legacy TV. In the legacy TV system, retrieving a specific channel is an easy job, 

whereas smart TV provides a complex interface with many options for retrieving a channel or 

application [75]. Besides major support for wireless keyboards and mouse, still, the main 

device for interactivity with a smart TV is the remote control. A viewer, especially the aged, 

kids and the non-technical person may need more efforts to retrieve the desired channel(s) [75].  

Browsing on smart TV’s browser and interacting with remote-control is more complex than 

keyboards/mouse. A study conducted by [39] showed that only one out of four people had used 

smart TV for browsing the internet. The main feature of smart TV that most of the people were 
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enjoying is watching videos on a big screen [30, 31]. Web 2.0 features like commenting, 

blogging, rating, tagging, etc., are rarely used on a smart TV.  

2.6 Summary  

In this chapter, we have reviewed state-of-the-art literature on the smart TV. We discussed 

smart TV from both hardware and software perspectives. Summarizing the chapter, we can say 

that the TV became popular after World War II in the US and Britain. During 1950, TV was 

considered the primary source to influence public opinion and still plays a significant role in 

molding and shaping people’s perception [1]. Legacy TV system is the most popular 

entertainment device still widely used [3]. Compared with the combined daily consumption of 

smartphones, tablets, and PC; the time spent on watching TV is still high [20]. The early TV 

was a device used for transmitting moving images with sound. However, the story is 

significantly different from the technological point of view as well as from the watching point 

of view. In traditional TV systems, proper scheduling is maintained and hence viewers are 

bound to watch their desired programs on specific time otherwise he/she have to wait for either 

re-transmission or search for some other sources, such as internet or Video On Demand (VOD). 

Internet brings web-based entertainment in many forms including live channels, VOD, stored 

videos, etc. For such massive entertainment on the web, the TV manufacturer starts thinking 

about the production of new innovative TV i.e. connected TV, in which a viewer can be 

connected with the internet for watching unlimited TV content. These connected TVs with 

further innovations in the form of the operating systems, storage, sensors, connectivity, etc., 

bring the new type of home gadget called smart TV.  
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Chapter 3: Recommendations on Smart TV 

 

he rapid growth of the Web content makes it difficult to search the desired contents and 

create the problem of cognitive overload [20]. Television broadcasters have shifted their 

channels to the Web [41]. However, switching a huge list of time-constrained live channels to 

the Web platform further increases the problem in searching and watching relevant content. 

The basic idea behind the creation of a smart TV was to enjoy the web content in lean-back 

mode. This idea was warmly welcomed by the viewers [1]. However, the creation of this new 

generation TV, called smart TV, brings issues in the form of security, usability, 

recommendations, etc. In this chapter, we have targeted the recommender systems in the 

context of smart TV, which is a shared device and normally enjoyed in groups. This 

phenomenon makes it difficult to consider a whole family/group behind the smart TV and 

recommend items that are relevant to all members of a group. 

3.1 TV Broadcast systems 

TV contents are broadcasted for local, national, and international viewers. Besides traditional 

broadcast systems, most of the channels have their web-applications that ensure the availability 

of already aired content. Companies and channels are regularly transforming and uploading 

their TV contents on the web, which is then available for watching on smart TVs, computers 

or smartphones via web browsers.  Even live channels are streamed for online viewers. As a 

connected TV, smart TV is the central hub for every type of entertainment [2]. TV contents are 

broadcasted in four ways [11].  

T 
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3.1.1 Terrestrial Television 

The traditional and oldest method of broadcasting television content is a terrestrial television 

broadcast system. In this broadcast system, the contents are broadcasted by the television 

stations (usually called channels) through the air. The antenna attached to the legacy TV system 

catches the signals and displays the contents. In this broadcast system, there is a restricted 

number of channels due to limited bandwidth. 

3.1.2 Cable TV (CATV)  

In this type of broadcasting system, the contents are broadcasted in a cable to the subscribed 

viewers. The TV contents are transmitted as radiofrequency in coaxial cable and fibre-optics. 

Cable TV is a better option where over-the-air (terrestrial-TV) failed due to hilly terrain.  

3.1.3 Satellite TV  

As its name implies, the TV contents are broadcasted using satellite. This system is usually 

called the dish TV system. Both free and commercial channels are broadcasted via satellite. 

Satellite is the preferable method of TV broadcast by the channels due to unlimited 

geographical coverage and support for digital content transmission.   

3.1.4 Internet Television (IPTV) 

In this broadcast system, the TV contents are streamed via the internet. At the receiving end, a 

viewer may use TV, computer or smartphones to view any specific contents. Numerous video 

streaming servers are available with no restriction of content. The most popular feature of 

internet television is Video-on-Demand (VOD) services. Due to stored videos, a viewer can 

enjoy his favorite TV shows, dramas, movies, etc., anytime and anywhere [76].  
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3.2 Recommendable Objects on TV 

The followings Figure 3-1 shows some recommendable objects not only on Smart TV but also 

for traditional broadcast TV systems including satellite and cable TV.  

 

 Figure 3.1:  Recommendable objects on different TV types 
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3.2.1 Advertisements (Ads) 

In the last decade of the twentieth century, the internet and web were grown enough that people 

start thinking about e-commerce, e-business and eventually online advertisements. Companies 

and even individuals buy and sell their products and services via the internet. The phenomena 

of e-commerce are mature enough that billions of dollars transactions are performed daily. It 

makes the web a preferred medium for advertisements. The huge traffic of social networking 

sites attracts advertisers to advertise their products and services. The more traffic on a site is a 

preferable/ideal place for advertisers. 

The more viewers/customers you engage will see the ads and may generate more money. 

Advertisements are among the core themes of e-commerce. The emergence of Web 2.0 gives 

birth to social networking sites. The sites where billions of people around the world come to 

view, share, and comment called socializing. For example, YouTube, Facebook, Twitter, etc. 

generate huge revenue from advertisements [76, 77]. Among these social networking sites, 

YouTube provides opportunities to advertisers to advertise their products and services, which 

in turn provides an opportunity for channel owners to earn by displaying ads on their channels. 

YouTube provides different ads format for different devices like computers, TVs, smartphones, 

etc. Among these ads, skippable ads can be skipped after 5 seconds. It is quite easy to skip an 

ad on a laptop or smartphone. However, skipping an ad on a smart TV is a cumbersome job 

and a viewer(s) has to watch an ad even if it is of no interest in viewers nor it is related to a 

viewer(s). Furthermore, most smart TVs are not for the individual; it is a device for all family 

members or groups.   

YouTube ads are distributed based on locality, video type, and previous history, personal 

information, including logging. However, a Smart-TV logged in by a personal email maybe 



61 

 

 
 

Tailoring Recommendations to Groups of Viewers on Smart TV: A Real-Time Profile Generation Approach 

 

enjoy by the entire group or family members including kids. Furthermore, switching users in 

front of the TV has nothing to do with previous watching history. A person in front of a smart 

TV may be recently sitting. Therefore, the ads displayed are not contextual. A kid watching a 

cartoon on Smart-TV may recommend ad to a person related to a cartoon, which the person 

has nothing to do with and can simply ignore or skip the ad. Skipping and ignoring non-

contextual ads can affect the revenue generation model.  To mitigate the distribution of the 

ad/displaying issues for individuals and groups, we proposed a context-aware recommendation 

framework based on static IP, face detection and micro-profiling techniques. The main task in 

this work is to enable a smart TV to recognize the individual or group currently watching a 

YouTube video.  

3.2.2 Live Channels  

Terrestrial broadcast TV channels are now shifting their TV contents to the web. The reasons 

are unlimited geographical coverage and huge traffic. The channel owners have their web 

application which can stream even a live channel. Already aired programs are stored and 

cataloged for watching without any time or geographical constraints. Android smart TV (Oreo) 

take an app as a channel and based on user inters and watching history the programs are 

dispatched and cataloged. A huge list of channels is recommended on smart TV and users have 

options for customizing their channels [78]   

3.2.3 Stored Videos 

Streaming video servers are among the major sources of content for smart TVs. The videos are 

uploaded by the channel owner, third party, or even by users. For example, YouTube enables 

companies and individuals to upload videos to their channels. On smart TV, the videos are 
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recommended and cataloged based on the algorithms used by the content providers. Every 

channel has its recommendation algorithms. For example, Netflix, YouTube, etc., use their 

algorithms for delivery of contents.  

Among all, YouTube and Netflix are predominant video sharing site. Founded in 2005, 

YouTube has over a billion [79] YouTube is a platform, where users can create full-fledged 

channels and operate independently and generate revenues from advertisements. Figure 3.1 

Shows a YouTube Business model, in which YouTube acts as an intermediary between content 

providers, viewers, and advertisers. It uses the Click-Through-Rate (CTR) mechanism, in 

which the advertisers are charged when viewers click on the ads appear with a video [80].  

3.2.4 Socializing  

The web 2.0 emergence gives birth to social networking sites. The sites where billions of people 

around the world view, share, and comment; called socializing. We have seen tremendous 

growth in social networking and video sharing sites in the last few years. Smart TV has full 

support for web 2.0 features that enable a viewer to comment, writing blogs, likes/dislikes, etc. 

Although, socializing on a smart TV is not a prominent activity; yet, it has full support for 

almost every activity of the read/write web [81, 82].  

3.2.5 Supplementary Web Content on Smart TV  

Smart TV is a connected device having bowsers for browsing web-related content, including 

textual information, news, weather forecast, etc. Besides apps and delivery of video, a user can 

enjoy lots of other web content. Weather forecast information, breaking news, book 

recommendation, magazine recommendations, etc., can be delivered from the web. 
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Recommendations on terrestrial TV are usually based on regions. The TV operator 

recommends items, goods, and services on regional bases. Even no interest in the running 

advertisement the Viewers have to watch or at most to change the channel. To avoid such 

stereotype TV contents and ads, viewers have shifted to more advanced watching systems, i.e., 

smart TVs. The same case is with cable and satellite TV systems, where TV contents and ads 

are running without targeting the interested audiences. The only TV system that is capable of 

delivering personalized content is smart TVs. The reasons behind this are an IP address, web-

server log files, advanced recommender algorithms, easy switching between channels, etc.  

Smart TVs bring advanced watching and interaction techniques that have already penetrated 

the market. Broadcasters and third-party companies are now thinking of a new way of 

advertisements for internet TVs. Personalized ads and contents are the core issues related to 

smart TV [83].  

3.3 Recommendations Process on Smart TV 

Smart TV provides extended functionality in the provision of delivering digital content such as 

watching online movies, dramas, shows, games, socialization, video on demand and VR 360 

contents [20].  They are empowered with high processing capabilities, built-in support for 

sensors, gesture control and facial and voice recognition enabled users to have better control 

over Smart TV operations. 

The existing recommender systems use three basic approaches i.e., content-based filtering, 

collaborative filtering, and hybrid approach (see Table 5.1 of chapter 5 for more details and 

comparison). Content-based filtering techniques rely on user profile information and item 

description [84]. However, profile information cannot represent the whole group viewers and 

hence content-based filtering is not suitable for a smart TV watching scenario. The 
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collaborative filtering approaches rely on user feedback. However, user feedbacks are rare 

activities on a smart TV, especially we have a few implicit feedbacks, i.e., likes/dislikes, 

comments, etc., for recommending relevant items to the viewer(s) [11]. In hybrid filtering 

techniques, both approaches are combined to get better recommendations. However, it suffers 

from the inherent issues of both content and collaborative filtering approaches. Although, some 

hybrid recommender systems, such as discussed in [29], combined several techniques for 

achieving accuracy; yet, most of the techniques demand active feedback from the user, which 

is not welcomed by smart TV viewers due to lean-back supported device. We cannot expect 

the same interactions from viewers as they normally do with computers and smartphones [28]. 

Although, smart TV is more interactive than an ordinary legacy TV system; yet, it is enjoyed 

as a lean-back device, preferably less interactive and passive as legacy TV systems [29]. The 

approaches for analyzing user activities, such as data mining, clickstream analysis, and in-depth 

identification of a viewer(s) may lead to serious security and privacy threats [30]. Although 

security and privacy issues for smart TV are in the infancy stage, yet most important concerns 

for smart TV viewers [32].  As discussed, a smart TV can provide rich types of entertainment 

on a single platform; however, smart TVs are widely used for streaming live channels and 

movies [32].  

In the smart TV watching scenario, group recommendations play a vital role. This is because, 

in most of the households, the smart TV is enjoyed in a group for watching movies, dramas, 

news, etc., [33]. Different approaches are used for group recommendations, such as aggregated 

predictions, aggregated models for preference aggregation of individuals in a group [11, 26, 

34]. However, the approaches for the identification of group members is based on predictions 

and estimation. Furthermore, due to the diverse interest of individuals; preferences merging, 
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and aggregation are not feasible solutions and may lead to privacy issues. Therefore, the exact 

identity of group members and satisfying every group member is still challenging. The 

following are some state-of-the-art systems that use personalized recommendations on a smart 

TV.  

In Hybrid Broadcast Broadband Television (HbbTV) project; they have designed several 

frameworks for identifying a viewer in front of a smart TV that include multi-user identification 

and multi-user recommendations [29, 85]. HbbTV is heavily criticized in the literature for its 

security and privacy concerns as it is capable of capturing private data, such as picture and 

profile information [86]. Smart Parental Advisory [85] proposed a deep learning-based 

framework and usage control for implementing dynamic parental controls on a smart TV. The 

proposed work shows a camera with a TV for providing real-time parental control on smart TV 

content. In [86], a face recognition system for Set-Top-Box based intelligent TV is proposed. 

They used a web camera for pictures, which is connected with a set-top-box; and a server is 

attached for face recognition. The exact identification of the server-side is time-consuming due 

to the frequent switching of the viewer(s) in front of a smart TV. In [87], an enhanced 

recommender system is proposed by the face detection and recognition system in front of a 

smart TV. They have used Face++16 and SkyBiomerty17 for face and emotion detection and 

recognition. Furthermore, they argued that the detection of more than one person could form a 

group and hence a recommender system should recommend items to the group instead of 

individuals. TV program recommendation techniques [88] is proposed. They proposed a TV 

program recommendation system for multiple viewers (group) based on merging user profiles. 

 

16 https://www.faceplusplus.com/ 
17 https://skybiometry.com/ 
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Similarly, the study [23] proposed the merging of multiple preferences to improve 

recommendation results.  RecTime [89], proposed a real-time recommender for an online 

broadcasting system, which considers a user’s preferences and time factors simultaneously. A 

personalized TV listings service for digital TV [90] is proposed. The work describes the 

development of Personalized Television (PTV18) listing system which handles the information 

overload, by providing an Internet-based personalized listings service. Shinjee et al. [91], 

worked on the automatic and personalized recommendations of TV programs for smart TV 

viewers.  They argue that due to the massive content available for watching on a TV, it is 

difficult to retrieve the desired program and hence work on the automation of recommending 

TV programs. A hybrid collaborating filtering approach is used with a voice recognition system 

for controlling the smart TV and intelligent recommendation is proposed [92]. However, the 

work is limited to the recommendation of already crawled TV programs. Kwon and Hong [93], 

proposed a personalized smart TV Program Recommender System (PRS) based on a novel 

similarity method and collaborative filtering techniques. Most of the smart TVs are equipped 

with Automatic Content Recognition (ACR) which automatically recognizes the content a 

viewer is currently watching [94]. 

The common approaches for content watching are browsing and searching for the desired 

content. However, browsing and searching for desired content is a difficult and time-

consuming job. Besides, these two approaches, the recommender system play an important role 

to overcome the content and cognitive overload [1]. The content recommendation on smart 

TVs is the process of disseminating user-demanded TV content based on user preferences and 

 

18 http://www.ptv.ie 
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context of use. Smart TV recommender systems infer a user's interests by utilizing various 

sources of data, such as user profiles preferences, clicks, and feedbacks (rating, and 

like/dislike), etc., [1, 16]. However, a typical content recommendation algorithm delivers the 

program to the end-users based on the individual’s profile. However, it does not cater to the 

diversity comprising of family members and close groups. Thus, profile-based 

recommendations on smart TV need further enrichment to recommend relevant content to these 

diversified groups, and people with special needs. 

The two widely used approaches by the group recommender systems are (a) aggregated 

predictions and (b) aggregated models for preferences merging of individuals in a group [32]. 

However, both these methods for the identification of group members are based on estimations 

and predictions.  In the aggregated predictions recommendation approach, the items 

recommended for individual users are first aggregated. Besides some good results, this 

approach is not feasible in a smart TV watching scenario because each user has a diverse taste 

and hence the recommended items may irrelevant for most of the group members.  In 

aggregated models for preferences merging, the user profiles are merged for making a group. 

The items are then recommended to this group-profile instead of individual profiles. This 

approach is widely used for group recommendation. However, in a smart TV environment, the 

profile merging strategies are not viable and may lead to privacy issues as discussed. In this 

thesis, we have used the camera for the detection of viewers and then formed groups based on 

the detected information. We have tried to keep secrete the actual identity of a viewer for 

generating anonymous profiles so that to preserve the security and privacy of a viewer or group 

of viewers. For more details on group recommendation (see Chapter 4 for more details).  
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Since the focus of existing content recommendation schemes on a smart TV is based on 

individual profiles, feedbacks, watching history, and location. In the majority cases, the 

recommendation systems are described in the perspective of the client-server pattern.  The 

input from the user is essential for effective recommendations, however, the user interface and 

remote-control management is still a potential challenge. These issues contribute towards a 

cognitive overload, learnability, discoverability, user-centric and demand-driven 

recommendation to the end-users.  

The relevant recommendations may enhance the conversion rate up to some extent, which in 

turn contribute to e-commerce and e-business. Therefore, the relevant and precise 

recommendations on smart TV may further contribute to not only user satisfaction [39], but 

also to e-commerce. The future of smart TV is vibrant.  In the next few years, a smart TV can 

capitalize on 90% of the market share [95].  These connected TVs bring further challenges not 

only for viewers but also for the researcher. For example, the growth of the technological aspect 

of smart TVs brings challenges in the form of usability, operationality, information, and 

cognitive overload, and even recommendations. Furthermore, searching for relevant content 

by using legacy remote control is a cumbersome job. Therefore, relevant recommendations are 

is the need of the day to overcome the cognitive overload of smart TV viewers. We argue that 

in the case of smart TV, the recommender system should rely mostly on implicit feedbacks 

rather than explicit feedbacks. 

Smart TV has enabled the viewer to watch the terrestrial TV contents as well as contents from 

the Web and due to this searching and browsing for the desired contents are not only difficult 

but also a cumbersome job. The TV-related content on the web are growing at rapid speed with 

no restrictions on time or location. A variety of TV channels, programs, shows, documentaries 
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are available for watching and hence contribute to cognitive overload on viewers. To overcome 

the cognitive overload, the recommender systems closely watch the watching behavior of a 

viewer and recommend items accordingly. The recommender system uses a variety of data 

sources for the recommendation process, including profile information, viewer’s preferences, 

location, date and time information, etc. However, predicting and calculating such information 

is neither easy nor accurate in smart TV watching scenarios, because there may be groups with 

variable members in each group and having diverse interests and tastes (see chapter 5 and 

chapter 8 for more details). In a study [96], a comparative analysis of group recommendation 

algorithms is carried out. The preference aggregation strategy is widely acceptable for group 

recommendation in a TV domain. However, the exact formation of the group in front of a 

TV/Smart TV required further investigation. This is because of frequent switching of the 

viewer(s), light level of apparatus for detection, face direction for detection, etc. The following 

Figure 3.3 shows that smart TV provides a powerset of content and hence viewers have more 

options for watching their desired contents.  

A good amount of literature is available on both smart TVs and recommendations. For 

example, Véras, D. et al., 2015, briefly discussed the recommender system for TV-related 

content on the Web [97]. The work presents a thorough review of TV-related content, related 

algorithms, recommendation items, etc. In the sub-sections, we categorized and discussed the 

most relevant literature on recommender systems in the context of smart TVs, Internet Protocol 

Televisions (IPTVs), and connected TVs. 

As connected TV, smart TV streamed the contents from the internet. A rich set of multimedia 

contents makes it difficult to search for the relevant content. Furthermore, searching is a user-

driven activity that mostly relies on user queries. Therefore, typing a query by using legacy 
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remote control is a difficult job. Besides browsing and searching for relevant content on a smart 

TV, the online recommender systems recommend different items to a viewer. However, the 

existing recommender systems are designed for the individual user who consumes content on 

a variety of devices including computers and smartphones, etc. In the literature, this 

phenomenon is called personalization. However, personalized content delivery on a smart TV 

is difficult [25]. Furthermore, watching behavior on a smart TV is different from other devices. 

For example, smart TV is a lean back supported device (preferably less interactive) that is not 

only used for watching videos and movies but also for playing games. Although, the smart TV 

may give better clues for recommender systems because an Internet Protocol (IP) address is 

assigned upon connection. Furthermore, the web-server log file is maintained from which 

location, interests, etc., can be extracted [98]. Other issues with the existing recommender 

system are the focus on personalization; however, in most of the cases, smart TV is not 

personal. Therefore, the algorithms, approaches, tools, etc., used for other connected devices 

are different from smart TV and their watching behavior. Recommendations on terrestrial TV 

are usually based on regions. The TV operator recommends items, goods, and services on 

regional bases. As a recommendation is on regional bases, viewers have to watch or change 

the running channel. To avoid such stereotype TV content, viewers have shifted to more 

advanced watching systems i.e., smart TVs [99]. The same case is with cable and satellite TV 

systems, where TV contents are running without accurate targeting the interested audiences. 

Figure 3.4 shows a general recommendation process on smart TVs. 
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 Figure 3.2: General recommendation scenario on smart TV 

Existing web-based recommender systems work great for computers and smartphones; 

however, for smart TV, it has numerous issues and challenges. Figure 3.3 shows some major 

recommendation techniques used for recommending different objects to a user. To tackle the 

problem of the cold-start problem in smart TV scenario, the Top-N algorithm recommends 

content to a viewer. For example, when you open a YouTube app (channel) for the first time 

on an Android-based smart TV (Android Oreo19).  It recommends the Top-N items to a viewer. 

The rest of the recommendation techniques are discussed in the following sub-sections.  

 

19 https://www.android.com/tv/ 
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 Figure 3.3: Existing recommendation techniques 

The content-based filtering techniques use an already consumed data along with the content’s 

description.  It analyzes the attributes of an item and then user-profile, history, likes, comments 

are analyzed for recommendation [98]. The attributes of an item when match with a user 

profile, history, etc., are recommended [99]. In the case of smart TV scenario, content-based 

filtering techniques do not yield better results. The reason is that smart TV is a shared device 

and mostly enjoyed in groups. In such cases, smart TV is considered as a single profile, which 

may not be the true representative of the entire group/family [100]. In content-based filtering, 

the consumed contents and profile play a major role and hence failed to generate better results 

for smart TV viewers. Collaborative filtering techniques exploit the collective preferences and 

recommend items to a user having similar taste in the circle. Unlike content-based filtering 

techniques, collaborative filtering ignores the available contents (meta-data) with an item. 

The recommender system takes different parameters, such as profile information, watching 

history, demographics, location, etc., as input and recommend the items that are supposed to 

be relevant to a user [101]. This phenomenon of most of the recommender systems resembles 
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the famous theory of stimulus and response as shown in Figure 3.4. The user stimulates the 

recommender system. In return, the recommender system gives a response to that user in the 

form of recommendations. Better stimuli may generate better responses. 

 

 Figure 3.4: Recommendations & theory of Stimulus and Response 

Cold-start problem is among the core issue of a recommender system, in which the 

recommender systems have no clue to recommend an item based on the profile. This issue is 

very common in the smart TV watching scenario. To overcome the issues of a cold-start in a 

smart TV scenario, a non-personalized algorithm called Top-pop (Top-N) may recommend the 

items from the top list to a viewer. For example, in the case of Android-based smart TV, when 

a viewer opens a channel (app in smart TV context) for the first time; it recommends the top-

rated contents from the list. After sometimes, smart TV builds a viewer profile and 

recommends items according to the profile with other parameters, such as watching history, 

location, etc.  
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3.3.1 The Full Duplex Nature of a Smart TV 

Today’s TVs are not only full-duplex but also smart; which comes with built-in operating 

systems and sensors [102]. Today’s modern television is significantly different from the 

technological point of view as well as from an entertainment point of view. The smart TV 

comes in traditional shape and size as well as in Set-Top-Box (STB) that can be connected with 

a variety of displays. The emergence of Web 2.0 with tradition TV gives birth to Smart-TV, 

which is also known as connected TV. Smart-TV revolutionized the entertainment industries 

by enabling live steaming with web content. 

 

 Figure 3.5: Smart TV provides a powerset of content [20]  

 This amalgamation opens new avenues not only in entertainment industries but also in 

education, health, defense, business, commerce, etc.  Today’s TVs are smart and full-duplex 

i.e. you can not only listen or view but also talk and send content from your smart TV. The 
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smart TV is a connected device that has access to a rich source of data connection including 

live channels, videos, clips, and online games. In contrast to traditional TV systems, which rely 

mostly on terrestrial television, the smart TV provides a superset of all data sources as shown 

in Figure 3.5 [20]. 

In contrast to a legacy television system, a smart TV has rich support for hardware and enables 

a user to install different software for their devices, including games. Smart TVs have full 

support for external sensors and widely used for Ambient Assisted Living (AAL). Smart TV 

has a huge collection of contents for viewers and therefore, we have more recommendable 

objects than computers and legacy TV systems (see Figure 3.5). 

3.3.2 Advertisements Recommendation on Smart TV  

The huge traffic on social networking sites is now a preferable/ideal place for advertisers [101].  

It provides opportunities to advertise their products and services. For example, YouTube, 

Facebook, Twitter, etc. generate huge revenue from advertisements. The more customers a site 

will see the ads and may generate more money. Advertisements are a core theme of e-

commerce. The advertisers are encouraged to target their local and global customers by making 

attractive ads. These ads are then embedded before, in-between or after a video.  Figure 3.6 

shows a YouTube Business model, in which YouTube acts as an intermediary between content 

providers, viewers, and advertisers. YouTube ads are delivered with a video are based on the 

types of video a user have watched. It uses AdSense for advertisement [101]. Whether you are 

logged in or not, the ads delivered with a video are based on the contents of the video you have 

viewed. Other factors include the apps on your device such as smartphones, the websites you 

have visited, the geographical location of a user, age, gender, etc. 
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 Figure 3.6: YouTube Business Model 

Ads recommendations are based on individual profile and viewing history. YouTube allows 

different ads format (see Table 3.1) for a monetized video, a video that is allowed to put ads 

by YouTube and generates revenue.  

 Table 3.1 YouTube Ads Format 

Ad Format Description  

Display Ads For Desktop  

Overlay Ads  Displayed over the running video 

Skippable video ads  Can be skipped after 5 seconds  

Non-Skippable video ads Must be watched (Maybe up to 30 seconds in length)  

Bumper ads  Non-skippable (up to 6 seconds)  

Sponsored cards  For Desktop and Mobile Devices 
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TV ads are skipped and ignored by switching between channels using TV remote control, 

however, in the case of smart-TV, skipping ads and switching between channels is not an easy 

as it is on legacy TV systems. The duration of the overlay video ads on YouTube videos is only 

5 seconds. Delivering relevant ads on relevant video may possibly increase the conversion rate. 

3.4   Summary  

This chapter highlighted an overview of the recommendation process on a smart TV. We 

discussed the types of contents that a smart TV can stream. We also discussed the capabilities 

of the smart TV for the delivery of web-related content. We then moved to recommender 

systems and process of recommendation different contents. We discussed in detail the issues 

related to smart TV and issues related to recommender systems. By summarizing this chapter, 

we conclude that the recommendation process in the context of smart TV has numerous issues 

while recommending relevant item(s) to the viewer(s).  
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Chapter 4: User Modeling and Group 

Recommendations  
 

 user model contains the most interesting information about a user. Most of the 

literature on user modeling is related to the individual. However, the smart TV is a 

lean-back supported device and normally enjoyed in groups. This creates hurdles in a precise 

and relevant recommendation for group viewers watching a smart TV. Although, research work 

is available for managing group profiles on smart TVs; yet, the precise and relevancy of 

contents on smart TV requires more extensive research.  The user modeling of smart TVs on 

smart TVs is a difficult task because of different user preferences and watching behavior. The 

age and gender differences arise further problems for recommending relevant content. 

Moreover, this chapter discusses the group recommendation techniques in detail.  

4.1 User Modeling 

The content of a user model or profile varies for each domain. In the case of smart TV, the first 

thing which needs to address is the number of viewers in a group. Mapping users, their ages, 

gender, etc., in front of a smart TV, is a difficult task and required lots of processing power and 

storage. However, as per Moor’s law, we can expect much powerful and intelligent smart TVs 

[103]. For smart TV, a viewer of the group viewer’s watching history, their accurate 

recognition, watching patterns, etc., is essential to capture for modeling these viewers in front 

of a smart TV.  

We have two major techniques for capturing a user profile on a smart TV. The first is explicit 

and the second is implicit. The explicit user information on a smart TV is a cumbersome job 

A 
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[20]; however, capturing relevant information about a viewer or group viewers by using 

implicit techniques in more effective on a smart TV. The user modeling for smart TVs is 

adaptive because of changing behavior for each viewer.  

 

 Figure 4.1: Group Modeling 

The features of user modeling for smart TV viewers varies from user modeling for other 

devices. In this paper, our target is to model a viewer(s) profile in such a way to present them 

as a consolidated profile for accurate and relevant recommendations. The contents of a smart 

TV viewer’s profile may include interests, watching history, behavior, interactions, 

preferences, individual characteristics, contextual information, age, etc., [104]. The user/group 

interest is an important factor for smart TV watching scenarios. Depending on the viewer’s 

mood, the interests vary from time to time. In smart TV case, which is a passive lean-back 

supported device, is mainly used for entertainment, i.e. movies, clips, videos, etc. In web-based 

scenarios, the most common interest is keyword-based models. However, in smart TV, typing 
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and searching for relevant content by using a keyword is a cumbersome job and hence not 

suitable in such scenarios. Similarly, watching history plays a vital role in recommender 

systems. As smart TV is enjoyed in groups, therefore watching history may belong to a whole 

group. Furthermore, frequent switching of viewers in a group also affects the group model and 

ultimately watching history. For smart TV, a previous watched program or movie or video 

maybe not an interest of another viewer who may have just set in front of a smart TV. For 

example, a kid watching cartoons in the evening time has nothing common with news at night 

time to be watched by the senior citizens of a family. In such cases, watching history is least 

effective for recommending content on a smart TV. Interacting with smart TV enriches a user 

profile; however, this single profile is not a true representative of all viewers in a group. 

Furthermore, interacting by using a legacy remote control is a difficult task, which limits the 

frequent interactions. The smart TVs have to rely on an implicit and non-obtrusive user profile. 

Explicit user profile generation is least effective on smart TVs. Individual characteristics also 

affect the recommender systems. In a group, every viewer has a different taste, which needs to 

be satisfied by the recommender systems. The contextual information may play an important 

role in smart TV watching scenarios. The contextual information may include location, time, 

days of the week, weeks of months, months of years, vacations, holidays, local events, age 

factors, gender factors, face information, etc. Some contextual information may belong to the 

whole group. For example, location, vacations, local events, etc. This information needs to be 

model in such a way to represent the whole group rather than the individual viewer.  

4.2 User Modeling on Smart TV 

Smart TV or simply TV watching, is a passive activity due to lean-back support. Modeling 

such user profiles may require some other useful information, such as face recognition, etc., to 
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be captured for accurate modeling of users. Accurate user modeling may enhance 

recommendation results. 

 

 Figure 4.2 General user profile information in the context of smart TV 

As smart TV represents the entire group/family as a single profile; therefore, it quite difficult 

to track a similar profile or taste in a smart TV watching scenario. Furthermore, most of the 

secondary activities such as commenting, liking/disliking, etc., on a primary communication 

device, i.e. remote control is a cumbersome job [100]. Community filtering and group filtering 

techniques [100] are considered as sub-categories of collaborative filtering techniques. In 

hybrid filtering techniques, we combine both approaches to get better recommendations. In 

smart TV watching scenario, existing hybrid approaches may also not generate better results 

because it inherits the same issues of both content-based and collaborative filtering approaches. 
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Although, some hybrid recommender systems, such as discussed in [105], combine several 

techniques for achieving accuracy; yet, most of the techniques demanding active feedback from 

the user, which is not welcome by a smart TV viewer.  

A viewer(s) identification plays a key role in personalization. In a project Hybrid Broadcast 

Broadband Television (HbbTV), by Hbb-Next, has designed several frameworks for 

identifying a viewer in front of a smart TV that include multi-user identification, multi-user 

recommendations, Cloud offloading, etc. The Hbb-Next has built a Personal Recommendation 

Engine Framework (PREF) at the backend which works on the philosophy of content-based 

filtering techniques i.e., users rating, preferences, items, groups, characteristics, etc.,[106]. The 

issue with HbbTV is the lack of personalized recommendations. Furthermore, HbbTV is 

relying on content-based filtering techniques that recommend similar videos[85]. HbbTV is 

criticized for its security and privacy concerns by TV viewers. It is capable of capturing private 

data, such as pictures, profile information, etc., [86].  

User modeling and recommendation techniques for Personalized EPG are proposed [87]. They 

proposed a model in which the recommendation techniques are applied in the Personal Program 

Guide (PPG). The proposed model integrates different preferences, such as explicit user 

preferences, stereotypical information about TV viewers, and information about viewing 

behavior. The explicit user preferences store the data produced by the user. The Stereotypical 

information is obtained from prior information about TV viewer categories. Dynamic User 

Model stores the user’s preferences by perceiving his viewing behavior. 

Smart Parental Advisory [85] proposed a usage control and deep learning-based framework for 

dynamic parental control on Smart TV. The proposed work shows a camera with a TV for 

proving real-time parental control on smart TV content. The content is provided based on age 
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group, which is identified by using real-time face detection in front of the smart TV. However, 

the content delivered on a smart TV is limited to the delivery of video content based on the age 

group. Less attention has been given to content recommendations on a smart TV. In [86], a 

face recognition system for set-top-box-based intelligent TV is proposed. They used a web 

camera for pictures, which is connected with set-top-box; and a server is attached for face 

recognition. The face is recognized on the server, which creates the inherent problem of privacy 

and security.  

In [87], and enhanced recommender system is proposed by the face detection and recognition 

system in front of a smart TV. They used Face++ and SkyBiomerty for face detection and 

recognition, including emotions detection. They highlighted and tackled one of the core issues 

of the recommender system i.e. cold-start problem. Furthermore, they argued that the detection 

of more than one person can form a group and hence a recommender system should recommend 

items to a group instead of individuals. They used average without misery strategy for group 

recommendation.  

A TV program recommendation for multiple viewers based on a user’s profile merging 

techniques [88] is proposed. This work proposed a TV program recommendation for multiple 

viewers (group) based on merging user profiles, as shown in Figure 4.3. The profile merging 

is based on total distance minimization techniques that guarantee the results are closed to most 

users’ preferences. RecTime [89], proposes a real-time recommender system for online 

broadcasting, which consider time factors and user’s preferences simultaneously. They 

developed a new recommendation algorithm, which captures the user’s status as well as the 

status of the broadcasting shows.  
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A user supporting personal video recorder is presented and implemented using a generic 

Bayesian classifier based recommendation system [91]. This work presents an approach for a 

user supporting a personal video recorder. They implemented a Bayesian classifier-based 

recommendation system. The system analyses a user’s watching behavior for recommending 

content. Therefore, the system can generate personalized TV content recommendations. The 

content is stored on an internal hard disk for the user to watch. 

 

 Figure 4.3: Concept of Micro Profiling 

A personalized TV listings service for digital TV [92] is proposed. The work describes the 

development of Personalized Television (PTV20) listings system which handles the information 

overload by providing an Internet-based personalized listings service. PTV automatically 

compile personalized guides to match the likes and dislikes of the viewers. It learns about 

viewing preferences of the individual to provide them personalized daily TV guide.  

 

20 http://www.ptv.ie 
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Shin et.al[91], worked on the automatic and personalized recommendations of TV programs 

for smart TV viewers.  They used sequential pattern mining (SPM) techniques to analyze a 

viewer watching behavior. The authors argue that due to the massive content available for 

watching on a TV, it is difficult to retrieve the desired program and hence work on the 

automation of recommending TV programs. The work done is only related to the TV program 

content[93].   

A hybrid collaborating filtering approach is used with a voice recognition system for 

controlling the smart TV and intelligent recommendation is proposed[41]. However, the work 

is limited to the recommendation of TV already crawled TV programs.  

Kwon, H. J., & Hong, K. S., 2011 [93] proposed a personalized smart TV Program 

Recommender System (PRS) based on collaborative filtering and a novel similarity method. 

The proposed techniques were developed for the recommendation performance of EGP on 

smart TV and robust to the cold-start problems. The method provides a user-centred Program 

Recommender System (PRS) by explicit preferences based on a prediction of rating for non-

viewed programs. 

To add some meaningful context, such as time, location, events, etc., with recommendation 

techniques are called a contextual recommendation. Personalized and contextual 

recommendations on a smart TV is made in [107]. Tag-based collaborative filtering does the 

work to perform contextual and personalized recommendations. The context considers for this 

work is location, audience, mobile, and network condition. The existing recommender system 

is context unaware[97]. Rich context information, such as location, events, hours of the day, 

days of the week, weeks of the month, months of the year, the time factor, age factor, etc., are 

not considered by the recommender systems for smart TV watching scenarios. Although, 



87 

 

 
 

Tailoring Recommendations to Groups of Viewers on Smart TV: A Real-Time Profile Generation Approach 

 

Q.Yang [100], worked on a recommender system based on context awareness; yet, we have 

lots of other contextual information that needs to be explored for smart TV watching scenarios.  

The ontological-based techniques in which we used ontologies or semantic rules for 

recommending objects of interest [108]. Ontologies have been widely used for enhancing 

recommendation results. 

4.3 Group Recommendations on Smart TV 

The group recommendations play a vital role in a smart TV watching scenario. The reason is 

that in most of the households, the smart TV is enjoyed by the whole family in the group [32]. 

The family members from different groups that may consist of different numbers, tastes, ages, 

and gender. The viewers are randomly switching in front of the smart TV and hence predicting, 

maintaining, and updating multiple profiles on a smart TV is not an easy task. A viewer’s email 

address may register a smart TV for downloading the application from different app-stores. 

This email address (logging information) plays a vital role in personalized recommendations. 

However, a smart-TV logged-in by a single email address can be enjoyed by the entire group 

or family members. Here, we are presenting some scenarios as an example that may highlight 

the limitations in existing systems:  

Scenario 1: The exact identity of the viewer(s) is still challenging. Besides, the most 

recent watching activity on a smart TV cannot be associated with every member of a 

family or group. For example, a kid is watching YouTube’s cartoons on a smart TV. 

These current watching activities are predicted and calculated by the recommender 

system of YouTube for further recommendations. However, after leaving the watching 

room by the kid, the next viewer(s) will receive a good amount of recommendations 

about cartoons on YouTube. It is because neither the service provider (recommender 
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system) nor smart TV knows the exact identification about viewer(s) currently watching 

the content. For the exact identification of viewer(s), some systems [87, 109, 110] have 

achieved better recommendation results by detecting the faces in front of a smart TV. 

However, such methods may lead to the privacy and security issues of viewers.  

Scenario 2: The recommendations based on the user’s profile information is not viable 

due to the shared nature of a smart TV. For example, the activities for browsing, 

searching, and watching by different members of a family or group cannot be linked 

with one profile built by the recommender systems.  For example, a smart TV viewer 

wants to access some services or install some apps from an app store. In this case, he/she 

has to register the smart TV/STB with an email address. Now, the recommender system 

will use this login information (age, gender, address, etc.) and will recommend items to 

that user. However, this registered smart TV/STB can be enjoyed by entire family 

members, and hence the recommendations will not be relevant to every family member. 

For group recommendations, numerous techniques have been proposed, such as 

aggregated predictions and aggregated models for preferences merging [111, 112]. 

However, such techniques are least effective in a smart TV watching scenario due to 

the viewer’s diverse interests and privacy leakages.  

Furthermore, there may be many viewers, having diverse interests and preferences behind a 

single TV that makes it difficult to predict the accurate preferences of a closed group or the 

whole family [113]. The two widely used approaches by the group recommender systems are 

(a) aggregated predictions and (b) aggregated models for preferences merging of individuals 

in a group [114]. However, these methods for the identification of group members are based 

on estimations and predictions. Furthermore, due to privacy issues and diverse interests of 
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users; the preferences merging, and aggregate predictions are not feasible approaches [115]. In 

the below sub-sections, we have discussed in detail the most widely adopted approaches and 

their limitations in smart TV watching scenarios. 

4.3.1 Existing Work on Group Recommendations 

MovieLens21 is an online web-based movie recommender system that invites viewer(s) to rate 

any movie on the list. In return to the viewer’s rating, the system performs predictions and 

personalized recommendations. In the case of smart TV, such types of web-applications are 

least effective because rating and tagging are among difficult activities to perform on the legacy 

remote control of a smart TV (for more details on group recommendation techniques, see 

Section 4.7 of Chapter 4). In the following paragraphs, we are discussing the group 

recommendation systems.  

TV Predicator [116], designed an application that allows personalized recommendations 

without disturbing the lean-back position in front of a TV. Customers watching behavior and 

explicit feedbacks (ratings) on the server-side predict user preferences. Different data-mining 

techniques are used to predict viewer preferences. The content-based filtering algorithms are 

used for related items; whereas the collaborative filtering techniques are used for rating 

predictions. Clustering techniques are used for increasing the performance; association rules 

mining approaches are used for analyzing item relations. Similarly, the vector space model is 

used for the identification of the viewer’s watching patterns. The authors claim about 80% of 

accuracy in prediction. However, data-mining, clickstream analytics, and in-depth analysis of 

 

21 http://www.movielens.org 
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the viewer’s data may lead to serious security and privacy [97]. We argue that personalization 

and recommendations on smart TV should not compromise the security and privacy of viewers.  

PolyLens [114] is a web-based movie recommender system that uses collaborative filtering 

techniques to recommend items to group users rather than individuals. PolyLens has used a 

group recommender extension to MovieLens recommender system. PloyLens explores the 

design space of collaborative filtering recommenders for group viewers. A detailed log is 

maintained to measure how viewers formed a group(s). They also surveyed the group users and 

analyzed their experiences of group recommendations. The issue with PolyLens is that it relies 

on collaborative filtering techniques. Collaborative filtering techniques suffer from data 

sparsity and grey-sheep problem [97].  

A group recommender system focusing on homegroup viewers in the television domain [48] 

uses different approaches that have been applied to making a model of a group to the real-world 

dataset. The results of this study show that a recommendation system based on Consensus 

Function Approach (CFA), Maximum (most pleasure strategy) and Average strategy is more 

suitable than Minimum (Least Misery Strategy) for homegroup viewers. 

In [49] and [48], proposed a hybrid approach (content filtering and collaborative filtering) is 

used to recommend TV programs. For this purpose, they developed queveo.tv22, which is a web 

2.0 TV program recommender system. It provides all features of social networking, such as 

communication among users, adding and tagging contents, rating, and comments, etc. 

Although the hybrid approach yields better results; however, from smart TV watching 

 

22 http://queveo.tv/ 
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scenarios, tagging, commenting, liking/disliking, etc., are rare activities and we cannot enforce 

a viewer to comment or tag on a primary communication device, i.e. remote control. 

Searching for desired content on a smart TV is a major issue due to the lean-back nature and 

linear searching techniques by using a remote control [42, 50]. Moreover, the contents are 

retrieved from a diverse data-sources on Smart-TV, where a user can search and choose the 

desired program like drama, news, and movie as per his/ her interests. The growing nature 

makes the searching and recommendation a difficult job and may lead to irrelevant content [6, 

11]. The clustering techniques are used to provide the content to a user to reduce the issue of 

searching and cognitive overload from a large collection of available contents.  

The two widely used methods for cluster analysis are (i) Partitioned-based, (ii) Hierarchical-

based. In the Partition-based method, sets of flat-clusters are created and that is why also called 

a flat clustering method. In the Hierarchical clustering method, a hierarchal grouping is created 

as a cluster. The Partitioned-based clustering algorithms produce a good cluster for larger 

documents/datasets, because of its low computational capabilities [11]. On the other hand, the 

hierarchical-based clustering algorithms produce good quality clustering, however; the 

computation power is quadratic and hence not suitable for larger datasets [6]. 

Different approaches are used to cluster/classify the videos on the bases of different features 

[59-63], such as user preferences-based [45], watching behavior-based long with time/temporal 

contexts [64], activity-based clustering [65]. The recommendations are performed after 

applying the clustering techniques [66, 67, 69, 70]. In the below sub-sections, we are explaining 

these different approaches, which are used for enhancing the recommendation and searching 

results.  
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An ideal situation is that the Smart-TV should provide better-searching results along with 

relevant recommendations for fast browsing and selection of desired contents. However, to 

date, very limited work has been done in this regard. The user preferences refer to the interests 

of a user in certain programs that they have watched or currently watching [40]. Different 

approaches [6, 39, 40, 73] are used for analyzing user interests and recommendation process 

and for reducing the content and cognitive overload. For example, Lin et al. [6] used clustering 

approaches based on user preferences to provide them with the top-N recommendation results. 

Similarly, Elkhatib et al. [39] examined a user’s browsing/watching behavior in an online TV 

platform and recommend relevant items to a user. 

Recommendations on the bases of similar user interest have been made in [95], whereas the 

recommendations on the bases of items-rating clustering are made in [96]. Recommending 

movies on the bases of rating information [104] are some examples of the Collaborative 

Filtering approach. The Content-Based (CB) Recommendation techniques provide relevant 

items to the users based on the items profile and user profile information. In these approaches, 

the user’s watching history is examined for finding users' interest for similar items. The hybrid 

recommendation approach combines both collaborative filtering approaches with content-

based filtering approaches for providing more effective and relevant items/content to the users. 

A detailed review in the domain of television and recommender systems approaches is 

presented in [100]. 

The well-known streaming services that provide interactivity and recommendation services to 

a connected TV is Hybrid Broadcast Broadband Television (HbbTV23). The HbbTV services 

 

23 https://www.hbbtv.org/ 
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have been criticized in the literature for exposing the viewer’s data [116]. Furthermore, hackers 

can gain full control of HbbTV by launching over-the-air attacks [117]. MovieLens24 is a web-

based online movie recommender system. It invites users to rate any movie and based on this 

information, get a personalized recommendation. Similarly, PolyLens [118], is a web-based 

movie recommender system that uses collaborative filtering techniques to recommend items to 

group users rather than individuals. 

Martínez, et al. [119], worked on a group recommender system that is focusing on home-group 

viewers in the television domain.  and Redondo-garcía and lozano-tello [120], proposed a 

hybrid approach (content filtering and collaborative filtering) to recommend TV programs. For 

this purpose, they developed queveo.tv25, which is a Web 2.0 TV program recommender 

system. TV-Predictor, Krauss, et al. [26], a personalized program recommendation on a smart 

TV is developed. The recommendation is based on automatically tracking the viewing behavior 

of a user. OntoTV  [120] is developed for the management of different sources of TV-related 

content. Lai, et al. [121] presented a TV program recommendation approach, which is based 

on the construction of the TV program domain ontologies. They proposed a similarity matching 

technique and recommend a method for TV program recommendations for mitigating the issue 

of information overload. Similarly, Kurapati, et al. [122] proposed searching and 

recommendation methods for TV programs, which are based on the contents and viewers' 

ontologies. CPRS [123], an architecture is proposed and implemented to improve the channel's 

recommendation system by the formation of groups that have similar tastes. However, in smart 

 

24 https://movielens.org/ 
25 http://queveo.tv/ 
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TV watching scenarios, the formation of groups that have similar taste is not an easy task 

because of a diverse set of users and interests.  

Smyth and Cotter [90], the authors proposed a multi-agent TV recommender system that 

considers three types of user information, i.e., history, preferences, and feedbacks and then 

generated recommendations for a viewer. Lai, et al. [121] proposed a TV program 

recommender framework, which integrates the Web 2.0 features into television sets and smart 

TVs (set-top-boxes). The authors claim that the user’s preferences may be influenced by their 

friends, family, colleagues, etc. Therefore, it is reasonable to take a user’s social data into 

account for enhancing recommendation results.  Smyth and Cotter [90], the authors describe 

the development of Personalized Television (PTV26) listing system which handles the 

information overload by providing an Internet-based personalized listings service. 

Lai, et al. [121], has developed a personalized EPG based on user switching channel behavior 

on the connected TV (IPTV) to enhance the searching process. Xu, et al. [124], the authors 

proposed a model, in which the recommendation techniques are applied in the Personal 

Program Guide (PPG). Both Electronic Program Guides (EPGs) and Personalized Program 

Guides (PPGs) assist a user in selecting a program of interests; yet, the user feels overwhelming 

by the provision of many program options [125]. The modern smart TVs are equipped with an 

Automatic Content Recognition system that recognizes the currently watching contents by a 

smart TV viewer(s) [124]. Content clustering techniques play an important role in the process 

of recommendations. The TV-related content can be clustered to enhance not only the 

recommendation results but also searching results. Villegas, et al. [126], proposed a fuzzy 

 

26 http://www.ptv.ie 
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clustering technique to classify TV programs on the broadcaster side. By using this technique, 

the group recommendations are possible to recommend the related content to users.  Raza and 

Ding [127] presented an exploratory study about grouping the users on their behavior by using 

the clustering techniques. They presented a user modeling approach to minimize the effects of 

the cold-start issue.  Villegas and Müller [128], further extended the above work and present a 

Catchup-TV recommendation by using the approaches for recommending new content based 

on watching history. However, watching history on a smart TV is not the true representative of 

the whole group. Lian, et al. [129], presented the Personalized Channel Real-time 

Recommendation System (PCRS) framework, which works in an IPTV system by using deep 

learning and users channel switching sequence. It works by channels switching history only 

and does not consider the profile information.  

The context also plays an important role in context-aware recommendations [33, 34]. Akerkar 

[33], categorizes the context into five general categories, i.e. Individual, Location, Time, 

Activity, and Relation. These contexts provide an important input to recommender systems; 

however, in the context of smart TV watching scenarios, these contexts (except location) are 

difficult to predict. However, these systems are well-suited for a single user (single-profile). 

As discussed, in a smart TV watching scenario multiple profiles pose a challenge for delivering 

personalized recommendations [34]. Moreover, there may be frequent switching of group 

members in front of a smart TV. Such types of video-sharing websites cannot handle these 

types of issues due to the reason that information about group members are normally based on 

estimates and predictions [26, 89]. The following Table 4.1 shows some of the existing group 

recommendation techniques in the context of smart TV.  
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Table 4.1: Existing Work on Recommender System for TV Related Contents 

Study/System Purpose  Features  Limitations  

RecTime [89] • Real-time 

recommender 

system based 

on Time 

factor and 

preferences  

• Recommendations 

based on  

• Time 

• Preferences  

• Considers only a 

single-viewer 

preference  

• Whereas smart 

TV is a shared 

device  

TV-Predicator 

[130] 
• Personalized 

program 

recommendati

on on smart 

TV 

• Content-Based 

Filtering 

algorithms for 

similar items 

• Collaborative 

Filtering 

algorithms for 

predictions of 

rating  

• Clustering for 

performance 

increase, 

• Smart TV is 

enjoyed in groups 

• Without actual 

person detection, 

personalized 

recommendations 

are not viable  

OntoTV [120] • Ontological 

approach for 

content 

collection 

• Television content 

Management 

System  

• Retrieve television 

contents and 

present them using 

knowledge and 

ontologies  

• Single profile-

based 

recommendations 

• Whereas smart 

TV is a shared 

device 

CPRS [121] • Channel 

recommendati

ons for the 

group having 

similar taste 

• Discover the user’s 

behavior patterns 

in the TV program 

from EPG  

• Then build a 

program 

recommendation 

system 

• Single profile-

based 

recommendations,  

• whereas smart TV 

is a shared device 

HbbTV [116] • To play the 

smart TV 

features as a 

browser 

overlay on TV 

channels 

• Multi-user 

identification,  

• Synchronization 

between media 

streams and 

devices  

• Multi-user 

recommendations  

• Privacy issues 

• Preferences 

merging 

• Cannot handle the 

diverse interests 

of individuals  
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• User-tailored 

reputation scores 

for applications 

• Cloud offloading. 

Queveo-TV27 • Recommendat

ions using 

social data 

• Recommendations 

based on hybrid 

approaches with 

social data 

integration  

• Socializing is a 

rare activity on 

smart TV 

AIMED [24]  • A TV 

Recommender 

System based 

on (AIMED) 

(AIMED- 

• Activity 

• Interest  

• Mood, 

• Experience 

• Demographic 

information 

• Frequent 

switching in front 

of a smart TV  

• Such a system 

cannot predict the 

exact activity, 

interest, mood, 

experience  

YouTube28 • A video 

service 

provider   

• Recommendations 

based on implicit 

and explicit 

feedback  

• As smart TV is 

enjoyed in groups, 

so frequent 

switching is 

neither detectable 

nor considered by 

YouTube  

Personalized 

Program Guide  
• Personalized 

program 

Guide (PPG) 

• Explicit user 

information,  

• Stereotypical 

viewers 

information,  

• Viewing behavior 

• Designed for a 

single viewer  

PolyLens [98] • A group 

recommender 

system for 

web users 

• Based on 

collaborative 

filtering techniques  

• The groups are 

formed based on 

collaboration  

• However, smart 

TV is enjoyed in 

closed groups  

MovieLens29 • Recommend 

movies based 

• Collaborative 

Filtering 

• Ratings/tags are 

rare activities on 

smart TV 

 

27 http://queveo.tv/ 

28 https://www.youtube.com/ 
29 https://movielens.org/ 
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on user 

preferences  

Approaches for 

recommendations    

Netflix30 • A video 

service 

provider  

• Recommendations 

based on implicit 

and explicit 

feedback 

• Single profile-

based 

recommendations,  

• Whereas smart 

TV is a shared 

device 

GroupLens31 • Recommendat

ion based on 

user 

preferences 

• Recommender 

systems and Social 

computing 

• General-purpose 

system for web 

users 

 

User feedback in the form of implicit and explicit may further enhance the recommendation 

results; however, explicit feedbacks are difficult due to the lean-back nature of a smart TV and 

usage of traditional remote control. Similarly, implicit feedbacks are not simple to calculate 

because smart TV is enjoyed in groups. Incorporating the social metadata with recommender 

systems have proven improvement; however, the social networking sites on a smart TV are 

rarely used, because, the smart TV is normally not limited to a single person. The group 

recommendation is an important factor for smart TV viewers; however, predicting the actual 

group members and satisfying each member of a group is still challenging. There may be 

frequent switching of the user in front of a smart TV, which makes it difficult for personalized 

recommendations. We argue that better user/group modeling for securely identifying group 

members may enhance the personalized group recommendations on a smart TV.  

 

30 https://www.netflix.com/pk/ 

31 https://grouplens.org/ 
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4.4  The Social Choice Theory  

The social choice theory is group decision-making strategies, which combine or consider the 

opinions of an individual in a group. The social choice theory has been studied majorly in the 

field of Politics, Economics, Mathematics, and Sociology[115]. C. Sent et al. [131], classified 

the preferences merging strategies into three categories, namely “Majority-based strategies”, 

“Consensus-based”, and “Borderline/Role-based strategies”. Majority-based strategies value 

the most popular choices. The consensus-based strategies consider the average of individual 

preferences for fair group recommendations. The borderline/role-based strategies consider a 

subset of choices based on individual roles[115]. 

4.4.1 Aggregated Predictions  

In this group recommendation approach, the items recommended for individual users are first 

aggregated. A list of these aggregated items is then ranked according to the group preferences. 

An item is then recommended from this list, as shown in Figure 4.4. Besides some good results, 

this approach is not feasible in a smart TV watching scenario because each user has a diverse 

taste, and hence the recommended items may irrelevant for most of the group members. For 

example, if we have distinct items of different users, such as USER1= {a, b, c, d, e}, and 

USER2= {f, g, h, i, j}, where a, b, c, d, e, f, g, h, i, j are initially recommended items. Merging 

the list by using aggregated prediction techniques may generate a list {a, b, c, d, e, f, g, h, i, j}. 

Now, the recommendations based on this list may neither be relevant for USER1 nor USER2. 

Therefore, the recommendations based on aggregated predictions (items aggregation) may not 

satisfy each need.  
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 Figure 4.4 Aggregated prediction techniques  

4.4.2 Aggregated Models for Preferences Merging  

In this approach, the user profiles are merged for making a group, as shown in Figure 4.5. The 

items are then recommended to this group-profile instead of individual profiles. This approach 

is widely used for group recommendation. However, in a smart TV environment, the profile 

merging strategies are not viable and may lead to privacy issues as discussed.   

 
Figure 4.5 Aggregated model for preferences merging 

For example, if a USER1 has preferences P1 and USER2 has preferences P2, then GP represents 

the Group Preferences of a group profile. Now, the recommendations on the bases of such 

techniques may generate irrelevant recommendations for every individual in a group because 
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of dynamic interests. Therefore, the exact identity of every member and satisfying every group 

member is still challenging. In a typical smart TV environment, we can handle the 

identification information of individuals by using different sensors and advanced user/group 

modeling techniques. Based on I. Cantador et al. [131]., C. Senot et al.  [115]and the following 

sub-sections discuss each strategy in detail.  

a. Additive Utilitarian Strategy 

In this strategy, the preferences of individuals are added, and the highest score (after addition 

of individual preferences) is reranked for group recommendations. For example, in Table 4.2, 

the ratings for items of three users are added to form a group. The highest ratings are ranked as 

the first item to be recommended for group users (1,2,3). In Table 4.2, the item (4) is ranked as 

the first item to be recommended and then item (1) and so on.  

Table 4.2: Additive Utilitarian Strategy for item aggregation 

 Items 

Users Item (1) Item (2) Item (3) Item (4) - - Item (n) 

1 5 3 1 5 - - n 

2 4 5 3 4 - - n 

3 4 2 4 5 - - n 

Group (1,2,3) 13 10 8 14 - -  ∑n 

 Item (4) Item (1) Item (2) Item (3)    

b. Multiplicative Utilitarian Strategy  

 In this strategy, the preferences of individuals are multiplied, and the highest score (after the 

multiplication of individual preferences) is reranked for group recommendations. For example, 

in Table 4.3, the ratings for items of three users are multiplied to form a group. The highest 

ratings are ranked as the first item to be recommended for group users (1,2,3). The highest 

number means the highest interest for a group.  In Table 4.3, the item (4) is ranked as the first 
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item to be recommended and then item (1) and so on. Although, the ranking results of Table 

4.2 are similar to Table 4.3, however, this not necessary to occur every time.  

Table 4.3: Multiplicative Utilitarian Strategy for item aggregation 

 Items 

Users Item (1) Item (2) Item (3) Item (4) - - Item (n) 

1 5 3 1 5 - - n 

2 4 5 3 4 - - n 

3 4 2 4 5 - - n 

Group (1,2,3) 80 30    12   100 - -  ∑n 

 Item (4) Item (1) Item (2) Item (3)    

c. Average Strategy  

The average strategy is the items aggregation strategy that generates an average for items of 

individuals. As we know that average normalized the wild card values. The lowest or highest 

values may affect the average, but this may produce a fair recommendation to a group due to 

given equal priority. Table 4.4 shows that averages of individual items rates are generated and 

then ranked. The x shows the rating of the item, whereas the m shows the number of users.  

Table 4.4: Average Strategy for group recommendations 

 Items 

Users Item (1) Item (2) Item (3) Item (4) - - Item (n) 

1 5 3 1 5 - - N 

2 4 5 3 4 - - N 

3 4 2 4 5 - - N 

 =∑x/m =∑x/m   =∑x/m   =∑x/m - -  =∑n/m 

Group (1,2,3) 4.33 3.33 2.66 4.66    

 

Ranking 

4.66 4.33 3.33 2.66 - -  

Item (4) Item (1) Item (2) Item (3)    

d. Average Without Misery Strategy  

In this strategy, the item ratings of a certain threshold are not considered for average and hence 

are not ranked for recommendations. This strategy is different from an average strategy in a 

way that the wild card value (lowest values) will not affect the recommendation for a group. 
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For example, if we consider 3 as a threshold value, then the average for the item (2) and item 

(3) will not be calculated and will not be ranked as shown in Table 4.5.  

Table 4.5: Average without misery strategy 

 Items 

Users Item (1) Item (2) Item (3) Item (4) - - Item (n) 

1 5 3 1 5 - - n 

2 4 5 3 4 - - n 

3 4 2 4 5 - - n 

 =∑x/m =∑x/m   =∑x/m   =∑x/m - -  =∑n/m 

Group (1,2,3) 4.33 - - 4.66    

 

Ranking 

4.66 4.33 - - - -  

Item (4) Item (1)     -     - - -  

e. Least Misery Strategy  

This strategy considers the lowest rating for group recommendations. For example, item (1) 

has 4 as the lowest rating, whereas item (2) has 2 as the lowest score and so on. This type of 

strategy will satisfy the lowest scorer in a group. After taking the lowest rating score, the items 

are ranked for group recommendations, as shown in Table 4.6. The item (1) is ranked as first, 

item (4) is ranked as second, and so on. 

Table 4.6: Least Misery Strategy 

 Items 

Users Item (1) Item (2) Item (3) Item (4) - - Item (n) 

1 5 3 1 5 - - n 

2 4 5 3 4 - - n 

3 4 2 4 5 - - n 

Group (1,2,3) 4 2 1 4    

 

Ranking 

4 4 2 1 - -  

Item (1) Item (4)   Item (2)   Item (3) - -  
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f. Most Pleasure Strategy  

In this strategy, the highest ratings among all users are selected and ranked for group 

recommendations. For example, in Table 4.7, the highest rating for item (1) is 5. Similarly, the 

highest rating for item (2) is also 5. After considering the highest rating, the items are ranked 

for group recommendations, as shown in Table 4.7.  

Table 4.7: Most Pleasure Strategy 

 Items 

Users Item (1) Item (2) Item (3) Item (4) - - Item (n) 

1 5 3 1 5 - - n 

2 4 5 3 4 - - n 

3 4 2 4 5 - - n 

Group (1,2,3) 5 5 4 5    

 

Ranking 

5 5 5 4 - -  

Item (1) Item (2)   Item (4)   Item (3) - -  

g. Approval Voting Strategy  

In this strategy, a certain threshold is selected for individual ratings. The rating equal or greater 

than the threshold value is marked as “1”. The values for each item of every individual are then 

added. The highest values are then ranked for group recommendations. For example, if we take 

2 as a threshold value, then the following Table 4.8 shows the ranked items for a group.  

Table 4.8: Approval Voting Strategy 

 Items 

Users Item (1) Item (2) Item (3) Item (4) - - Item (n) 

1 5 3 1 5 - - n 

2 4 5 3 4 - - n 

3 4 2 4 5 - - n 

 Items 

Users Item (1) Item (2) Item (3) Item (4) - - Item (n) 

1 1 1 -  - - n 

2 1 1 1 1 - - n 

3 1 1 1 1 - - n 

Group (1,2,3) 3 3 2 3    

 3 3 3 2 - -  
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Some other strategies, such as fairness strategy, plurality voting strategy, and Borda count 

strategy, are also discussed by I.Cantador et al. [131].  

4.4 Summary  

This chapter discussed user modeling/profiling in detail. It discussed the user profile contents 

and then specifically discussed user modeling in the context of smart TV. It also discusses the 

contextual recommendation on a smart TV. Most relevant state-of-the-art literature has been 

cited in this chapter. Moreover, this chapter discoursed the group recommendations specifically 

in the context of smart TV. We discussed the importance of group recommendations, and then 

different techniques for the formation of groups are also discussed. We argued that groups are 

formed based on merging the preferences of group members; however, these group members 

are estimated and predicted. Fortunately, in the smart TV environment, we can use the smart 

TV capabilities for viewers detection and then groups can be formed based on certain criteria, 

discussed in Chapter 6. 

 

 

 

 

 

 

Ranking Item (1) Item (2)   Item (4)   Item (3) - -  
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Chapter 5: Limitations of the Existing Systems  

 

he recommender systems use different parameters, such as profile information, 

feedbacks, history, etc., as input and recommend items to a user or group of users. Such 

parameters are easy to predict and calculate for a single user on a personalized device, such as 

a personal computer or smartphone. However, watching the Web content on a smart TV is 

significantly different from other connected devices. For example, the smart TV is a multi-

user, lean-back supported device, and normally enjoyed in groups. Moreover, the performance 

of a recommender system is questionable due to the dynamic interests of groups in front of a 

smart TV. This chapter discusses the existing recommender system approaches in the context 

of a smart TV environment. Moreover, it highlights the issues and challenges in existing 

recommendations for smart TV viewer(s) and presents some research opportunities to cope 

with these issues. The review of this chapter suggests that for precise and relevant 

recommendations on smart TVs, the recommender systems need to adapt to the varying 

watching behavior of the viewer(s). 

5.1 Issues with Recommender Systems (Server-side) 

The recommender system is a tool running on the server-side and recommends items to a user. 

It uses feedback from the client side as input for recommendations; however, user feedbacks 

are exceptionally different in a smart TV environment. Therefore, the algorithms, techniques, 

and methods used by the existing recommender system need a thorough investigation. Table 

5-1 shows some common recommender system approaches along with different algorithms and 

the issues that may create hurdles in precise recommendations on the lean-back supported 

T 
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devices, i.e. smart TV. In the below subsections, we have discussed the issues and challenges 

of the recommender systems from server perspectives. 

5.1.1 Collaborative Filtering 

The collaborative filtering approach is a recommendation technique which uses the collective 

preferences of a group and recommends items to a user having similar taste in the circle. It 

relies on user feedbacks and gives signals to recommender systems as input. The feedback may 

be explicit, implicit, or a combination of both [132]. Explicit feedbacks require explicit actions, 

such as rating, likes/dislikes, etc., from a user. In contrast, implicit feedbacks are generated by 

the recommender system from user activities, such as navigation, clicks, etc., [24]. Explicit 

feedbacks on a smart TV is a difficult task because of limited facilities by the legacy remote-

control. Moreover, secondary activities, such as commenting, liking/disliking, etc., on a remote 

control is a cumbersome job [132]. Therefore, in the case of smart TV watching scenarios, 

implicit feedbacks may work better than explicit feedbacks [24, 132]. Generally talking about 

collaborative filtering techniques, we argue that it does not yield better results for smart TV 

viewers because we cannot expect much interaction from the user while watching content on a 

smart TV. Furthermore, collaborative filtering techniques depend upon other viewer’s data, 

without which we cannot expect good recommendations [133]. Collaborative filtering 

techniques have some issues, such as the cold-start problem, data sparsity, grey sheep problem, 

scalability problem, and the synonym problem [24, 134]. To overcome the issue of the cold-

start problem up to some extent in the smart TV watching scenario, the non-personalized 

algorithm, called Top-N, recommends the top-rated content to a viewer [135]. For example, 

when a user opens a channel (app in the smart TV context) for the first time. It recommends 

the items from the Top-N list to a viewer. After sometimes, smart TV builds a profile and 
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recommend items accordingly. Table 5-1 shows some of the well-known collaborative filtering 

algorithms and their limitations in a smart TV watching environment. 

5.1.2 Content-Based Filtering  

Content-based filtering techniques rely on user profile information and item description (item 

profile). In this technique, the recommender systems build a user profile. The recommender 

system then compares program attributes (item description) to a user profile and generates 

similarities between them [24]. Based on similarities, the suitable programs (items) are then 

recommended to a user.  It uses watching history, likes, comments, and descriptions with an 

object and recommends the best possible relevant items. When the description of an item 

matched with a user profile, history, etc., then an item is recommended to a user [136]. The 

content-based filtering approach suffers from over-specialization [107]. The issue that creates 

hurdles for content-based filtering algorithms is that smart TV is considered as a single profile 

(personalized) device like a computer and the smartphone. However, in most households, smart 

TV is enjoyed by an entire family or closed group, etc.,[137]. In this case, the smart TV profile 

(single profile) may not be the true representative of the entire group/family [41, 138]. In 

content-based filtering, the already consumed contents and profile play a key role in 

recommendations and hence may fail to generate relevant and better results for smart TV 

viewing scenarios (discussed as scenarios in the Introduction section). Moreover, content-

based filtering techniques rely on watching history. However, relying on watching history may 

not precisely recommend an item in the context of smart TV watching scenarios because of 

frequent switching of users. Furthermore, watching history cannot be related to every person 

in a group or family. Although, some work has been done [138] on combining time factor with 

watching history; yet, in the context of a smart TV, predicting the exact number of viewers, 
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their ages, and gender information from already consumed content (watching history) is not 

yet achieved. Table 5-1 shows some of the well-known content-based filtering algorithms and 

their limitations in a smart TV watching environment. 

5.1.3 Hybrid Filtering Approaches  

The hybrid recommendation techniques combine both approaches to get better 

recommendations. However, in the smart TV watching scenario, combining both content-based 

filtering and collaborative filtering techniques may not yield better results; because of the 

inherited issues (as discussed in the above sections). The collaborative filtering techniques 

failed due to the lean-back nature of smart TV, whereas content-based filtering techniques 

failed due to single profile representation. Figure 5.1 depicts the hybrid approaches which 

combine both content-based and collaborative filtering techniques.  

 

Figure 5.1: Hybrid Recommendation techniques 

5.1.4 Contextual Recommendations 

To add some meaningful context, such as time, location, events, etc., with recommendation 

techniques are called a contextual recommendation[41]. The existing recommender systems 

are not considering a rich set of available contexts [97], including both personal contexts as 

well as environment contexts. In a smart TV watching scenario, a rich set of contextual 
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information, such as location, events, hours of the day, days of the week, weeks of the month, 

months of the year, the time factor, age factor, gender info, etc., can be integrated with a 

recommender system, which may further enhance the personalization services including 

recommendations to a viewer or group of viewers. For example, if on a working day, all the 

family members are available at home indicates a “local holiday/vacation” context. Similarly, 

the availability of most family members at night time indicates a context for group 

recommender systems. Some work in [108] has already been done on context-aware 

recommendations for TV-related content; however, the combination of rich contexts may 

further improve the recommendation results on a smart TV.   

5.1.5 Ontology-Based Approaches 

The ontological-based techniques, in which we used ontologies or semantic rules for 

recommending objects of interests to the user(s)/viewer(s) [139]. Ontologies have been widely 

used for enhancing recommendation results [140]. The ontological approaches for content 

retrieval and recommendations of TV-related content have been done in studies [137, 141], and 

proved the importance of ontologies for better recommendations. However, in a smart TV case, 

the recommendations can be further enhanced by supplying better signals from the user-side, 

i.e. smart TV. Better user/group modeling techniques can mitigate these issues. The following 

Table 5.1 shows some recommendation approaches, algorithms, and limitations in the context 

of a smart TV watching environment.  
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Table 5.1 Recommendation techniques and issues in the context of smart TV watching scenarios 

Recommendation 

Techniques  

Approaches  Some common 

algorithms 

Limitations/Issues   

Collaborative 

filtering 

techniques  

• Collective 

preferences 

of the crowd  

• Cosine similarity,  

• Pearson-r 

correlation,  

• Slope one,  

• Singular Value 

Decomposition 

(SVD) 

• Feedbacks are 

difficult on smart TV 

• Unpredictable 

Feedbacks in case of 

smart TV watching 

scenarios 

• Predicting a similar 

viewer is difficult 

because of limited 

clues for 

identification  

Content-based 

filtering 

Techniques  

• Item 

description 

• User profile 

information 

• Implicit & 

explicit 

feedbacks  

• Cosine Similarity,  

• Decision tree,  

• Bayesian 

network,  

• Neural network,  

• Clustering 

algorithms 

• Smart TV is not the 

true representative of 

all viewers behind 

smart TV [133]. 

• Learning user 

preferences are 

difficult  

Hybrid 

Approaches  
• Combine 

two or more 

approaches  

• Combining any 

two or more 

approaches 

• Highly complex and 

expensive  

Contextual 

Recommendations  
• Time 

• Place  

• Location 

info  

• Events 

• Contextual rules  

• Contextual 

ontologies  

• Rich set of contextual 

information can be 

explored further 

Ontological-based 

(Semantic-based)  
• Ontologies  

• Semantic 

Rules  

• Semantic 

Similarity Metric  

• SWRL 

• Domain specific 

ontologies 

 

5.2 Recommendation Issues Related to Smart TVs (client-side) 

The smart TV is widely used for streaming web-based content, including live channels, videos, 

audios, and other related content [29]. Most of the recommender systems focus on personalized 

recommendations. Therefore, all the activities of a user are tracked and logged for the better-

personalized recommendation [41]. It tracks the information, such as user searching behavior, 
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watching history, keywords supplied, demographics, login information, locations, Media 

Access Control (MAC) address, IP address of a device, etc. Although, this information is 

sufficient for personalized recommendations and well-suited for computer and smartphone 

users; yet, it may fail to predict the viewers’ preferences on smart TVs. In sub-sections, we 

have discussed the issues of recommendations from the smart TV (client-side) point of view. 

5.2.1 Different Watching Behavior on Smart TV 

The watching behavior on a smart TV is significantly different from other devices, such as 

computers and smartphones. Despite the emergence of new gadgets to spent leisure time on 

the internet, TV watching remains the most popular activity around the globe [29]. It is a central 

hub of infotainment in both developed and developing countries. Similarly, smart TV is the 

most liked medium for watching web-based content, including videos, games, music, etc., [41]. 

Despite the provision of lots of features and innovations, smart TVs are mostly used for 

watching movies and videos on a big screen. This watching behavior is resembling legacy TV 

systems, which is less interactive and enjoyed in passive mode. Therefore, we argue that the 

expected feedbacks from a user watching a computer or smartphone cannot be treated in the 

same manner with the feedbacks come from smart TV viewers. We argue that relying on pull 

approaches (active involvement) in the context of smart TVs may not always generate relevant 

recommendations. Recommender systems should adopt the push mechanism (passive 

involvement) for recommending relevant items. 

a. Primary Watching Activities 

A subjective study was conducted in [20] for finding the primary watching activity on a smart 

TV.  As expected, we found that watching videos, movies, clips, and game-playing are among 

the major activities on smart TVs. Other activities, such as socializing, checking or sending 



113 

 

 
 

Tailoring Recommendations to Groups of Viewers on Smart TV: A Real-Time Profile Generation Approach 

 

emails, reading books/blogs, etc., are rarely used on smart TVs. It shows that being 

technologically advanced, smart TVs are treated as a legacy TV system. After applying the 

multiple correspondence analysis (MCA), we obtained Figure 5.2, which shows that streaming 

live channels and video watching are the most dominant activities on a smart TV. Moreover, 

smart TVs are enjoyed by either group or mixed (sometimes individual + sometimes group). It 

further shows that apart from full support for the Web 2.0 features; it is rarely used on smart 

TVs due to its shared nature and privacy issues. Analyzing the collected data, we found that 

viewers used smart TVs for watching moving pictures (videos, clips, etc.) on big High 

Definition (HD) screens. 

 

Figure 5.2: Multiple correspondence analysis (MCA) results for analyzing major 

activities on a smart TV 

b. Security and Privacy Concerns 

From the collected data, we found that privacy and security are big concerns for smart TV 

viewers. Not surprisingly, 95% of viewers refused to allow a smart TV to keep track of personal 

information for personalized services, including recommendations. Figure 5.3 shows a high 
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average rate for privacy concerns, which is 4.4 out of 5. This shows that personalization 

services, including recommendations at the cost of security and privacy, are not welcomed by 

the viewers. Moreover, the leakages of TV viewership data may compromise the privacy of the 

whole family or closed groups. 

 

Figure 5.3: Box plot, showing high-security concerns by smart TV viewers 

5.2.2 Smart TV is a Multi-user Device   

The prediction, maintenance, and updating of multiple profiles on a smart TV is not an easy 

task because it is mostly enjoyed in groups as a shared device. A variety of techniques have 

been used for personalized recommendations, such as profile generation, profile merging 

techniques, face detection, and recognition systems, data mining techniques, etc., (see related-

work section for more details). However, such techniques may lead to privacy and security 

issues [142]. We argue that the recognition of the viewer(s) in front of a smart TV should not 

be compromised. This is because, leaking such data, i.e. watching behavior, may lead to serious 
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privacy threats. A single device profile cannot be the true representative of multiple viewer 

profiles in front of a smart TV. Different sensors may be used for the identification of viewers 

in front of a smart TV, such as a camera for face detection & recognition, microphones for 

voice detection & recognition, etc., [29]. However, such identification may further increase the 

risk of privacy leakages. Moreover, the approaches such as clickstream analysis, data mining 

techniques, and in-depth identification of a viewer may lead to security and privacy threats 

[142]. Although, the security and privacy issues related to smart TVs are in the infancy stage 

and normally ignored by the manufacturers; yet, it is an important concern for most of the smart 

TV viewer [122]. 

5.2.3 The Unpredictable Social Metadata   

Social metadata plays a vital role in generating relevant recommendations [107]. Some 

recommender systems, such as discussed in [30, 107, 122] use the social metadata for 

improving the recommendation results. However, socializing on a smart TV is a rare activity. 

Despite the interactive nature of the smart TVs and usefulness of social data, the user-driven 

activities of web 2.0 such as commenting, blogging, likes/dislikes, etc., are rare activities on 

smart TV [143]. That is why the main activities on a smart TV are limited to watching movies 

and videos on the big screen [144, 145]. Some well-known video sharing websites, such as 

YouTube [1], Netflix32, Hulu33 use social data for recommendations. However, enjoying such 

video sharing websites on smart TV provides limited opportunities to perform activities like 

 

32 https://help.netflix.com/en/node/100639 
33 https://www.hulu.com 
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tag, comment, like/dislike, etc., and hence the recommender systems which rely on such data 

for recommendations may not generate accurate results. 

5.2.4 The Passive Interaction with Smart TV 

The user interaction with a connected device enriches a user profile which in turn provides 

information to recommender systems for recommending relevant items [1, 137]. The complex 

nature of the interaction with the device may limit the frequent interactions. Similarly, User 

Interfaces (UIs) of a smart TV that demands much interaction is not welcome by the viewers. 

Most of the existing smart TV UIs are overloaded by providing more features and options. This 

phenomenon is called bloating up the smart TV [137]. Although, smart TVs, including STBs, 

have full support for wireless keyboards and mouse that makes interaction an easy task; yet, 

most of the viewers use the remote control as a primary device for communication [1]. 

Therefore, the recommender systems relying on user interaction are not well suited for a smart 

TV watching scenario.  

5.2.5 Clutter User Interfaces of Smart TV  

A large list of recommended items may create difficulties in selecting the most relevant items. 

A smart TV provides a limited and defined user interface. The clutter interfaces may make it 

difficult to open the desired channel quickly [146] and even selecting the recommended items 

from a long list of items. The existing clutter UIs of smart TVs makes it difficult for non-

technical persons, especially senior citizens, to view or check the recommended item in detail 

and select the best one from the list. This phenomenon may contribute to cognitive overload 

[1, 146]. What to recommend, and where to display the recommended item(s) are the two major 

concerns for practitioners and UIs engineers. We recommend the design of a universal and 
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easy-to-use User Interface (UI) for smart TVs and Set-Top-Boxes (STBs). We argue that 

recommended items should be displayed in such a way that enhances visibility and readability.  

5.2.6 The App-based Channels  

The channels of a smart TV are the apps that stream content from channel streaming servers 

[147] or video sharing websites. The recommended items are displayed on the home screen of 

the smart TV, which is refreshed based on user activities. A common approach for 

recommendations on a smart TV is the recommendation of items within a specific app 

(channel) that is currently running. For example, YouTube recommends videos/clips within the 

YouTube app. Outside that app, the recommender system of YouTube has nothing to do with 

other apps or contents. Therefore, any channel (app) that have better recommendation 

algorithms will recommend items in a better way than others. Netflix and YouTube have 

different algorithms for recommendations [20]. We argue that recommendations should be app-

independent. The smart TV should build a consolidated profile and recommend items upon the 

first appearance of the home screen of a smart TV. Specific recommended items and channels 

should not monopolize the home screen of a smart TV. Although the viewers can customize a 

smart TV home screen and channels (apps) [16]. However, scrolling a long list of channels is 

neither feasible nor welcome by smart TV viewers. 

5.3 Summary  

This chapter highlighted some overlooked issues that affect the performance of the 

recommender system in the context of a smart TV environment. Behind a smart TV, we have 

multiple profiles that have diverse interests. The recommender system should understand these 

multiple profiles (groups) and the interests of individuals for relevant recommendations on a 
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smart TV. We argued that better user modeling or group modeling may enhance the 

performance of the recommender system in a typical smart TV environment. Moreover, we 

argued that rich contextual information, such as vacations, the day of weeks (holidays, working 

days), events (Christmas, Eid, Diwali, Ramadan, Sports events, World cups, etc.) should be 

integrated in such a way as to enhance the performance of existing recommendation 

approaches. We further argued that recommender systems should treat smart TV as a different 

device from other personalized devices, such as computers and smartphones. 
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Chapter 6: Proposed Research Methodology 

 

his chapter proposes a novel group approaches for content recommendations on Smart 

TV. The proposed techniques use “age”, “gender”, and “number of the viewer(s)” for 

generating groups and then recommend relevant items to specific groups detected in front of a 

smart TV. The proposed methodology, algorithms, and implementation details have been 

discussed in this chapter. 

6.1 The Proposed Solution 

We propose a novel group recommender system on smart TV by using a real-time profile 

generation approach. We consider “age”, “gender”, and “number of viewers” information for 

forming groups. The proposed solution has been designed by incorporating the features of 

group modeling techniques and the viewer watching behavior. The proposed solution uses a 

real-time viewer(s) detection on a smart TV for personalized group recommendations. As 

shown in the schematic diagram of the proposed solution i.e. Figure 6.1, we used the built-in 

capabilities of smart TV i.e., processing, storage, and camera for exact identification of 

viewer’s “age”, “gender”, and “number of viewers” from live detection of faces in front of 

smart TV and then generate anonymous and consolidated profiles for individual and group of 

viewers (in case of more than one faces are detected). For relevant and secure 

recommendations, the detection process and grouping activities have been performed on a 

smart TV without any connection to the server or internet. The schematic diagram of the 

proposed architecture is divided into different components as shown in Figure 6.1 and 

discussed in sub-sections in detail.  

T 
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Figure 6.1: Schematic Diagram of the Proposed System 

When a viewer switches ON the smart TV, the camera will detect a single viewer or group of 

viewers (in case of more than one person) and then extract the “age”, “gender”, and “number 

of viewers” information from these detections. For any detected profile (individual or group), 

the watching behavior has been logged. After matching with a stored profile, the previous 

watching history (if any) is searched for extracting a viewer's previous interest. A consolidated 

profile is then generated for recommending relevant items to the current viewer(s). The overall 

system is represented in Algorithm 1. The system starts by detecting the faces, from which the 



122 

 

 
 

Tailoring Recommendations to Groups of Viewers on Smart TV: A Real-Time Profile Generation Approach 

 

system counts the number of faces, its ages, and gender information. If an individual user is 

watching the smart TV, then the profile of that individual is activated for recommending 

different contents; otherwise, the system form groups and compared & activated that particular 

group profiles for recommendations. The components of the schematic diagram are discussed 

in the below sub-sections.   

Algorithm 1: Overall System & Recommendation Process  
   1. Input: Detect Number of faces N 
   2.                   If n=1, then single-user recommendations 
   3.          Else 
   4.                   Detect the number of viewers V 
   5.                   Detect the gender information G 
   6.                   Detect the age information ag 

7.                 Form groups G,  
8.   If (n>1 && n<=4) then use G= 2n-1  
9.                             Else  
10.   Use Age-Gender Matrix 

  11.        Generate Anonymous profile P 
  12.        Detect profile repository, i.e. previous activities i.e. History 
  13.         Extract data from time-constrained channels, i.e. EPGs  
  14.       Extract item(s) data from video sharing websites  
  15.       Repeat extraction from diverse data-sources 
  16.       Generate proposed item list T 
  17.       Match with anonymous user/group profile P 
  18.       Detect item(s) profile T 
  19.    Output: Recommend items T  
  20.    Repeat: For each face detection N+1 or N-1 

6.1.1 Viewer(s) Detection Module 

The first step is to detect a viewer or group of viewers based on age, gender, and numbers. For 

detection and identification, we used an OpenCV Haar Feature-based Cascade classifier [148]. 

By detection module, we aim to detect the “age,” “gender,” and “number of the viewer(s)” 

from the live recording of faces in front of smart TV. For gender and age extraction, we used 

Open-CV Convolutional Neural Network (CNN) [149]. When an exact viewer(s) and the 

number of viewers are identified, this detected profile was matched with an anonymous profile 
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repository for hiding the actual identification of viewers. An anonymous and consolidated 

profile was generated along with watching history for better personalization services, such as 

group recommendations. By using equation (1), we can form each possible pair of profiles. The 

following Algorithm 2 shows that age, gender, and number extraction process.  

Algorithm 2: Face detection, age, gender, and number extraction 
1. Input: Detect Number of faces N 
2. If n=1, then single-user recommendations 
3. Else 
4. Detect the number of viewers V 
5. Detect the gender information G 
6. Detect the age information ag 
7. Form groups G, where G= 2n-1for (n>1 && <=4) 
8.                       Or Use Age-Gender Matrix 
9.  Generate Anonymous profile P 
10. Output: Generate Anonymous profile P 
11. Repeat: For each face detection n+1 or n-1 

6.2.3 Profile Generation Technique 

The average family members per household are different from region to region. The average 

number of members per household is ranging from 2.1 to 5.9 i.e. 4 (average) [150]. Considering 

an example of average users i.e. 4 family members, Figure 6-2 depicted the possible number 

of members in each group. The total number of 4+11= 15 profiles can be generated for 4 family 

members as shown in Equation (1). The Pr shows the possible profiles. An individual user 

profile may {A, B, C, D}, whereas group profiles may be {AB, AC, AD, BC, BD, CD, ABC, 

ABD, ACD, BCD, ABCD} as shown in Equation (1). The following formula and equation 

represent the number of profiles for an average family, i.e. 4 members per household. The 

possible number of pairs can be calculated using 2n-1, where n is the number of viewers. 

𝑃𝑟 = 2 
𝑛 − 1 =  2 4 − 1 = 16 − 1 = 15                              (1) 

𝑃𝑟 ∶  {𝐴, 𝐵, 𝐶, 𝐷, 𝐴𝐵, 𝐴𝐶, 𝐴𝐷, 𝐵𝐶, 𝐵𝐷, 𝐶𝐷, 𝐴𝐵𝐶, 𝐴𝐵𝐷, 𝐴𝐶𝐷, 𝐵𝐶𝐷, 𝐴𝐵𝐶𝐷}= 15 
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Single User: {

𝐴
𝐵
𝐶
𝐷

}   = 4       Groups: 

{
 
 
 
 
 

 
 
 
 
 

𝑔1 {𝐴𝐵}

𝑔2 {𝐴𝐶}

𝑔3 {𝐴𝐷}

𝑔4 {𝐵𝐶}

𝑔5 {𝐵𝐷}

𝑔6 {𝐶𝐷}

𝑔7 {𝐴𝐵𝐶}

𝑔8 {𝐴𝐵𝐷}

𝑔9 {𝐴𝐶𝐷}

𝑔10 {𝐵𝐶𝐷}

𝑔11 {𝐴𝐵𝐶𝐷}}
 
 
 
 
 

 
 
 
 
 

= 11 

The following Figure 7-2 depicts the possible profiles, including group profiles. The A, B, C, 

D are the imaginary characters where A represents the father, B represents mother, and C, D 

represents the two kids.  

A= ,   B= ,  C= ,   D=  

 

Figure 6.2: Possible number of profiles 

In the case of more than 4 family members, the grouping becomes larger and detecting and 

maintaining the groups will be a huge problem even for the machine, i.e. smart TV. Therefore, 

in the case of more than 4 people per group, we have proposed an Age-Gender Matrix as shown 

in Table 6.1 and Table 6.2. By Age-Gender Matrix, we can create groups that can are based on 
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age and gender information. This Age-gender Matrix may help in creating the groups and then 

merging the preferences of group members for the recommendation process. The Age-gender 

Matrix is shown in Table 6.1, are consists of ages and gender information. Column A (Male) 

age starts from 21-30 up to >60. Similarly, the column-B (Female) starts from 21-30 and up to 

>60. It means that both these columns (A and B) represent the young senior members of a 

home. Similarly, column-C (Male) age starts from 1-10 up to 11-20, whereas the column-D 

age starts from 1-10 and up to 11-20. It means these two columns (C and D) represent the kids 

and other junior members of a family. Now, in the case of seven persons detected, as shown in 

below Table 6.1. The possible number of group member based on age information may be 

ABCD= {(AB, A, CD)}, where AB is from same age group with different gender information, 

A is distinct group member with age >60, and CD is from different age groups with a different 

gender. We can assign weights to determine the dominant group of people, which may provide 

input to the recommender system. Therefore, AB=2 (blue colour), CD=3 (yellow colour), C=1 

(pink colour), and A=1 (green colour). Now, the recommender system may recommend items 

based on the preferences of either CD or AB and may satisfy the whole group in a better way.  

Table 6.1: Proposed Age-Gender Matrix 

Age Gender Matrix 

Age A 

(Male) 

B 

(Female) 

C 

(Male) 

D 

(Female) 

(1-10)   * * 

(11-20) *  

(21-30)     

(31-40) * * 

(41-50)   

(51-60)   

>60 *  

Similarly, the six persons are detected and shown in the following Table 6.2. The possible 

number of group member based on age information may be ABCD= {(A, B, C, D)}, where 
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A=2 (green colour), B=1 (yellow), C=2 (blue), and D=1 (pink). In this case, the dominant 

members of a group may be A and C. The recommender system may recommend items based 

on the preferences of the dominant group member that may satisfy the whole group.  

Table 6.2: Proposed Age-Gender Matrix 

Age Gender Matrix 

Age A 

(Male) 

B 

(Female) 

C 

(Male) 

D 

(Female) 

(1-10)   * * 

(11-20) *  

(21-30)     

(31-40) * * 

(41-50)   

(51-60)   

>60 *  

Senot et al.[115], worked on forming groups by TV consumption data. However, the viewer's 

detection based on consumption/viewing of data may produce irrelevant results. Similarly, 

some more work on group formation include [151], in which they focus on dominant member 

and social influence of a group member. However, the actual members and stratifying each 

member is still challenging, which we have resolved in this desertion up to some extent.  

6.2.4 Logging/History 

Smart TV can support a variety of input devices, such as remote control, keyboards, mouse, 

and smartphones. The interaction with a smart TV has been logged by using the built-in 

database (storage) of a smart TV. For implementation purposes, we used the SQLite of an 

Android-based smart TV. The preferences for logging a viewer’s interaction include channel 

selection, program title, program description, time of watching, and keywords for searching. 

The logging data were fully compatible with the MovieLens dataset.  
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6.2.5 Personalization Services Module  

The personalization services on smart TV include recommendations, VOD services, and 

parental controls. In this study, our focus is on personalized recommendations to the single 

viewer as well as to a group of viewers. We used both the content-based and collaborative-

based filtering approaches for this work. For evaluating our proposed solution, we were having 

several datasets, including MovieLens34, YouTube35, and YahooMovies36.  However, due to 

extensive usage for group recommendations research, we used the trained model of MovieLens 

dataset. We have several evaluation metrics, such as Precision and Recall [151]. We built our 

dataset along with the trained model of MovieLens dataset. 

6.2.6 Items Profile Module  

Smart TV has access to rich data sources such as live channels, internet videos from YouTube, 

Netflix, Dailymotion, and local storage sources.  The live channels have scheduled programs 

(time-constrained) and can be found on channel’s EPGs, whereas the videos on YouTube, 

Netflix, etc., are not constrained with time context and can be watched anytime. The item's 

profiles have been generated based on associated information with those items. The data 

available on EPGs were also extracted and were used to recommend relevant items to the 

viewer or group of viewers. Furthermore, the videos on YouTube or Netflix can be 

recommended by using the video profile information, such as channel ID, video title, video 

description, etc. 

 

34 https://movielens.org/ 
35 https://research.google.com/youtube8m/download.html 
36 https://webscope.sandbox.yahoo.com/catalog.php?datatype=r 
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6.2.7 Data Source Module 

The online data sources are growing day-by-day without any restrictions on its content. Each 

data source has its streaming servers, which have its recommendation algorithms. However, 

these algorithms rely on user input (implicit and explicit). As discussed in the issues and 

challenges section of Chapter 5, we cannot expect frequent interactions from smart TV viewers. 

Therefore, in our proposed solution, we used a hybrid approach that relies on a variety of 

viewer’s input such as profiling, pictures, context, user input, etc., as depicted in Figure 6.1. In 

the proposed framework, the features (metadata) from content on rich data sources have been 

extracted and were used as input for the hybrid recommender system, which combined with 

input from the viewer’s side. The recommendation layer generates an exhaustive list of 

recommendation results. Which is then ranked as per user interests. 

6.2.8 Recommendation Module 

The server-side performs the actual recommendation. It receives multiple information about a 

viewer or viewers and the use of a hybrid approach to recommend an item(s) to viewers. On 

the server-side, we used hybrid approaches that combine the collaborative-filtering, content-

based filtering, and contextual recommendations.  

As per the formal definition of recommendation problem; let U = {u1, u2, ….um} be a set of 

candidate users, and X = {x1, x2, …xm} be a set of candidate items that can be recommended 

to users of set U. R a set of values represent the utility of an item. F=U x X→R is a utility 

function that determines how an item from a set X belongs to a user of a set U. The 

recommender system should recommend item x* to a user u by maximizing the utility function 

[151] 
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Similarly, UG ⊆ U is a set of users belonging to a group G, and XG ⊆ X is a set of items that 

can be recommended to at least one member of group G; then the utility function is as follow 

[151]. 

  

The profile information received by the server as well as the log file on the server can be used 

for content-based filtering and collaborative filtering techniques. 

Algorithm 3: Overall System & Recommendation Process  
1. Input: User/Group Profile P, Item(s) profile T 
2.  Match with anonymous user/group profile P 
3.  Detect item(s) profile T 
4.  Generate proposed item list T 
5.  Match with anonymous user/group profile P 
6.  Detect item(s) profile T 
7. Output: Recommend items T  
8. Repeat: For each face detection n+1 or n-1 

6.3 System Implementation 

This section is about the implementation details (proof of concept) of the proposed solution. 

The prototype of the proposed solution is developed in an Android TV emulator and tested on 

a real android-based smart TV as shown in Figure 6.3. We used 28 API version of the android 

emulator. The system starts capturing the pictures, from which the number of faces, ages, and 

gender information was captured. First, the individual persons were set in front of smart TV 

and there watching activities were recorded; then the group of two-person was recorded, and 

their watching activities were also recorded and so on. Last, the whole group consisting of all 
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four members was set in front of smart TV, and their watching activities were recorded. This 

logging was done for one month. Thus, there individual and grouping profiles were built. It 

enables us to generate the groups from the real viewer instead of estimation and predictions. 

The group members were formed without any personal information of the individual for 

preserving the security and privacy of each individual and group members. The sub-section is 

about the details of such activities. 

 

Figure 6.3: Smart TV Emulator 

Initially, the viewer(s) were detected based on their age, gender, and numbers information. We 

used an OpenCV Haar Feature-based Cascade classifier. The detection module detects the 

“age”, “gender”, and “number of viewers”. For gender and age extraction, we used Open-CV 

Convolutional Neural Network (CNN). The exact number of viewers was detected for forming 

individual profiles and group profiles. We are not storing any other personal information of 

viewers for preserving the privacy of individuals and groups. An anonymous and consolidated 
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profile was generated along with watching history for better personalization services, such as 

group recommendations. By using equation (1), we can form each possible pair of profiles. 

In this study, we target an average of four family members, then the profile generation 

techniques for four members are as follows. The possible number of pairs was calculated by 

using an equation (1).  The English alphabets represented the viewers for theoretically proofing 

the concepts. Alphabet A represents the male adult person, and a female adult person is resented 

by B, whereas C represents a female kid and a male kid is represented by D, as shown in the 

following:  

A= ,   B= ,  C=               D=  

The profile generation techniques were used by the formula PG, where the number of a family 

consisting of four viewers as PG= 2n-1= 24-1=16-1=15. Hence, we have fifteen possible 

profiles, such that four are individual profiles, i.e. (A, B, C, D) and 11 are the possible number 

of group profiles i.e. (AB, AC, AD, BC. BD, CD, ABC, ACD, ABD, BCD, ABCD) as shown in 

the following Profile Generation (PG) set.   

PG: {A, B, C, D, AB, AC, AD, BC. BD, CD, ABC, ACD, ABD, BCD, ABCD} 

The concept of detection and capturing can be visualized as shown in Figure 6.4.  
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Figure 6.4: Group Formation Techniques 

The group recommendation process has been tested and evaluated by using our own created 

dataset.  By using this dataset, we can use both collaborative filtering approaches as well as 

content-based filtering approaches. We have used our log files, which have been recorded for 

one month. The log file contains almost the same information as Movielens captured. We used 

MovieLens dataset for training our model, which fortunately MovieLens provided by default. 

We mapped the 15 fictitious user profiles i.e. {A, B, C. D……. ABCD} with userid in our 

captured dataset. As we have a limited number of viewers, therefore we are using Movielens 

small dataset. The details are shown in Table 6.3. We used Precision and Recall [152] as 

evaluation matrices.  

Table 6.3 Dataset information for 15 users (profiles) 

File names Watched activities  File type 

Tags 1426 .CSV 

ratings  1426 .CSV 

movies  8532 .CSV 

Links 9742 links of movies to IMDB database .CSV 
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6.3 Experimental Setup 

The proposed framework is implemented and tested for results and evaluation. The “age”, 

“gender”, and “number of viewers” information were detected from a live recording of faces 

of the viewers by using a camera attached to a smart TV. The details of such user logs and 

timing information for one month are depicted in Table 6.4. By visualization Table 6.4, we can 

say that most of the groups are formed at night time, as shown in Figure 6.5. This is because, 

in this specific region, most of the family members are available at night time.  

Table 6.4 User and interests detected for one month 

Week Days Days 7:00 

AM 

9:00 

AM 

11:00 

AM 

1:00 

PM 

3:00 

PM 

5:00 

PM 

7:00 

PM 

9:00 

PM 

11:00 

PM 

1:00 

AM 

3:00 

AM 

5:00 

AM 

Monday 1  B    A 
 

AC AC 
 

ABC BCD D 
  

Tuesday 2  A      AC 
  

ABC ABCD ABCD CD 
  

Wednesday 3  B      BC BC A CD BCD BCD 
   

Thursday 4 A 
 

  
 

AD 
  

ABCD 
  

C 
 

Friday 5 
 

 C  D 
 

B BC ABC ABC BCD CD 
  

Saturday 6    D  CD CD 
 

BCD BC ACD ABCD ABC 
  

Sunday 7      CD CD BCD 
 

ABC ABC ABCD 
   

Monday 8    
   

BC BC ACD BCD 
  

D 
 

Tuesday 9   
 

AD CD C 
 

BCD ABCD ABCD CD 
  

Wednesday 10  A      AC 
  

ABC ABCD ABCD CD 
  

Thursday 11  B      BC 
 

A CD BCD BCD 
   

Friday 12 C 
 

  
 

AD 
  

ABCD 
   

C 

Saturday 13 
 

 C  D 
 

B BC ABC ABC BCD CD 
  

Sunday 14    D  CD 
  

BD BC ACD ABCD ABC D 
 

 . 
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The detection and recognition module was restricted to only smart TV due to the security and 

privacy of viewers. Although, prior research on face detection and recognition on a smart TV 

is available; however, most of them are detecting and recognizing the faces using online servers 

or cloud systems, which poses a threat to the viewer’s privacy and security. In our approaches, 

we are using the built-in capabilities of a smart TV for detection and recognition and sending 

a consolidated yet anonymous profile to the server for a recommendation. The user profile 

information, i.e. both implicit and explicit feedback, are captured.  

6.3.1 User IDs Mapping 

The user IDs in our dataset have been mapped, as shown in Table 6.5. The mapping process is 

used for predicting the ratings and then recommending the items based on collaborative 

filtering techniques. After mapping these 15, we have 1426 watching and rating activities for 

different movies. The ratings of these are analyzed statistically and experimentally using the 

GraphLab framework, discussed in Chapter 7. 

Table 6.5 User Mapping with Dataset userid 

Factitious User IDs User IDs in the dataset 

A 1 

B 2 

C 3 

D 4 

AB 5 

AC 6 

AD 7 

BC 8 

BD 9 

CD 10 

ABC 11 

ABD 12 

BCD 13 

ACD 14 

ABCD 15 
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Figure 6.5 Visualization of Table 6.4 

6.3.2 User-Item Matrix 

The user-item matrix is depicted in Table 6.6. The user-item matrix shown in Table 6.6 shows 

the record for capturing data for one day, i.e. 24 hours. The movie-IDs available in MovieLens 

dataset are recorded as shown in Table 6.6. The movie IDs can also be found from the 

MovieLens website. 
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Table 6.6: User-Item Matrix 

  Items Watched in 24 Hours  

User(s) 07:00 

am 

9:00 

am 

11:00 

am 

01:00 

pm 

03:00 

pm 

05:00 

pm 

07:00 

pm 

09:00 

pm 

11:00 

pm 

01:00 

am 

03:00 

am 

05:00 

am 

A   -          

B 1            

C             

D          101   

AB             

AC     3 47       

AD             

BC             

BD             

CD             

ABC        50     

ABD             

BCD         70    

ACD             

ABCD             

 

6.3.3 Profile Components 

We captured and logged user information in the form of age, gender, and number information 

along with watching history (for individuals/groups), location (by using the IP address), time 

of days, days of weeks, weeks of months, months of the year, (contextual information), time 

spent on each video (dwell time), length of videos, likes/dislikes, percentage of total video 

length watched.  

6.4 Summary  

This chapter introduced and proposed the methodology for recommending relevant item(s) to 

a group of users in front of a smart TV. The detection of viewers, grouping mechanism, and 

recommendation approaches, along with algorithms, are also discussed. In the next chapter, we 

will implement these algorithms. Moreover, we have implemented our concept on smart TV 

emulator. The data are gathered and generated from log files and mapped with the Movielens 

dataset. Different proposed algorithms are implemented for the extraction of “age”, “gender”, 
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and “number of viewers” information. We used off the shelf technologies for such approaches. 

We formed groups using our novel group formation techniques. In the next chapter, we 

analyzed this data.  
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Chapter 7: Results and Analysis 

 

n this chapter, we analyze the results obtained during our exterminations. We use different 

techniques and algorithms, including statistical evaluations, for accurately analyzing the 

results. We use the GraphLab framework, which is a popular and scalable framework for 

machine learning techniques including recommender systems.   

7.1 Dataset Pre-processing  

We logged the user watching activities in the same manner as MovieLens dataset do, which is 

one of the most popular datasets used for group recommendations. The dataset has been pre-

processed and cleaned for experimentation. The activities of the four users, i.e. User A, User 

B, User C, User D, and their group profiles (AB, AC, AD……ABCD) were logged for one 

month as discussed in Chapter 6. The logged files were kept similar to the MovieLens dataset. 

Some manual efforts were also done for mapping and cleaning of data. Although, we have used 

the same files as used by the MovieLens dataset. A total of 110 (on average) activities were 

recorded for each user including group users for one month. The rating of individual users and 

then group users have recorded on the MovieLens37 website as shown in Figure 7-1. Overall 

the rating of a total of 111 movies was recorded by the individual user (A) then by the user (B) 

and then by group user (AB), and so on. These recorded ratings are then made compatible with 

the MovieLens dataset containing a bulk of movie records and social metadata. The average 

 

37 https://movielens.org/home 

I 

https://movielens.org/home


139 

 

 
 

Tailoring Recommendations to Groups of Viewers on Smart TV: A Real-Time Profile Generation Approach 

 

ratings have been calculated for the same movies (items) by different users i.e. user (A) average 

rate is 4.22/5, user (B) average rate is 3.93/5, user (Ab) rate is 4.26/5 and so on. The improved 

rating for the user (AB) shows that group user profiles have a better rating than individual 

profiles. 

  

Figure 7.1: MovieLens movie rating and tagging system 

For making results unbiased, we logged the user watching history in the same manner as 

MovieLens do. The four files, which come with Movilen's small dataset, i.e. ‘links’, ‘movies’, 

‘ratings’, and ‘tags’ were used for logging the information in our dataset. The ‘movie’, ‘title’, 

and ‘genre’ of movie files were kept the same as in the original dataset. Similarly, the ‘movieid’ 

was kept the same as in the original dataset. This file further contains ‘userid’ which is 1 for 

user A, 2 for user B, 3 for user C, 4 for user D, 5 for AB (group 1 user), etc. The ‘tag’ column 

in the tags file for each watched movie was kept the same as in the original dataset. Although, 

the watching and recording of user activates have not yet completed in its final shape; however, 

the analyzed results showed improved results. The following Table 7.1 explained the dataset 

used for our experiments.  
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Table 7.1: Dataset information for 15 users 

File 

names 

Watched activities  File type 

Tags 1426 .CSV 

ratings  1426 .CSV 

movies  8532 .CSV 

Links 9742 links of movies to IMDB database .CSV 

 

The following Figure 7.2 shows a screenshot of ‘ratings’ file by the three users, denoted by 

‘userid’ i.e. {A=1, B=2, C=3, D=4, AB=5……. ABCD=15}.  

 

Figure 7.2: Dataset Screenshot 

Login for the first time to MovieLens on a smart TV, the users were asked to select the three 

categories. The user selections were recorded, i.e. “computer animation, good versus evil, 

mythology”, “action, fun movie, special effects”, and “dramatic, good acting, intense”. These 

categories are used to solve the issue of cold start problems. The user then searched for movies 

and rated them as per their choice. The movie IDs are retrieved from the MobieLens dataset. 

The evaluation and analysis of the individual preferences and group preferences are discussed 

in the following sub-sections.  



141 

 

 
 

Tailoring Recommendations to Groups of Viewers on Smart TV: A Real-Time Profile Generation Approach 

 

7.2 Difference Between Individual Ratings and Group User Ratings  

The differences between individual user ratings and group user ratings are evaluated 

statistically. Results show that the difference is significant and therefore, will affect the results 

of the recommendation systems relying on user ratings. Z-test was applied and shown in Table 

7.2 and Table 7.3.  

7.2.1 User A Ratings VS User AB Ratings  

The ratings of user A and user AB (group user) have been tested statistically using Z-test. The 

two hypotheses were set i.e.  

           H0: The difference between the means is equal to 0. 

Ha: The difference between the means is different from 0. 

Results show that the p-value is greater than alpha value. Hence, the null hypothesis can be 

rejected and accept the alternative hypotheses, which shows a significant difference between 

the ratings of individual user and group user.  

Table 7.2: Z-test result for finding the mean differences between individual user (A) ratings and 

group user (AB) ratings 

Summary statistics: 
       

        

Variable Observations Obs. with 
missing data 

Obs. without 
missing data 

Minimum Maximum Mean Std. 
deviation 

userid (A) ratings 110 0 110 2.000 5.000 4.223 0.839 

Group user (AB) ratings 110 0 110 2.000 5.000 4.264 0.983 
        

        

Z-test for two independent samples / Two-tailed test:         

95% confidence interval on the difference between the means: 

   

[ -0.282, 0.201] 
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7.2.2 User B Ratings VS Group user (AB) ratings  

Similarly, the ratings of user B and user AB (group user) have been tested statistically using Z-

test. The two hypotheses were set i.e. 

           H0: The difference between the means is equal to 0. 

Ha: The difference between the means is different from 0. 

The results of the Z-test in Table 7.3 show that there is no difference between the means of 

ratings given by user B and ratings given by group user AB.  

Table 7.3: Z-test result for finding the mean differences between individual user (B) ratings and group 

user (AB) ratings 

Summary statistics: 
      

        

Variable Observations Obs. with 
missing data 

Obs. without 
missing data 

Minimum Maximum Mean Std. deviation 

userid (B) ratings 110 0 110 2.000 5.000 3.936 0.838 

Group user (AB) 
ratings 

110 0 110 2.000 5.000 4.264 0.983 

        

        

z-test for two independent samples / Two-tailed test: 
  

        

95% confidence interval on the difference between the means: 
 

[ -0.569, -0.086 ] 
      

        

Difference -0.327 
      

z (Observed 
value) 

-2.657 
      

|z| (Critical value) 1.960 
      

        

Difference -0.041 
      

z (Observed value) -0.332 
      

|z| (Critical value) 1.960 
      

p-value (Two-tailed) 0.740 
      

Alpha 0.05 
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p-value (Two-
tailed) 

0.008 
      

alpha 0.05 
      

7.3 Statistical Evaluation for Finding the Influential Group User 

Statistical tests have been carried out for finding the differences between collected data from 

user A, user B, and user AB (group user). An interesting statistic has been yielded by comparing 

the ratings of individual users and ratings of group users. The dominant group character can be 

found by finding the mean differences between the ratings given by different users, either 

individually or in a group.  

As shown in Table 7.2, the results of the Z-test show that there are significant differences 

between the mean of ratings given by the user (A) and ratings given by group user (AB). 

Similarly, we found no significant difference between the mean rating of the user (B) with a 

mean rating of the user (AB). It shows that the group decision has influenced by user B. 

Therefore, in this small group user i.e. (AB), the (B) character may be more dominant.  

Similarly, the Z-test showed in Table 7.3 and can be interpreted as there is a difference between 

the means of ratings given by user B and ratings given by group user AB. This shown that user 

B may not influence group decisions.  

7.4 Experimental Results 

For evaluating the data, we used the GraphLab-Create38 framework [153], which supports 

several machine learning models, including recommender system models.  The GraphLab 

framework is developed at Carnegie Mellon University. The reason for choosing GraphLab-

 

38 https://turi.com/ 

https://turi.com/
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Create is its scalability and parallel framework support for machine learning [154]. We used 

Python language for installing GraphLab-Create. The GraphLab-Create supports Python 2.7, 

which we have installed from Anaconda39 distribution. The dependencies, such as Pandas, 

and NumPy were also installed. Python’s NumPy and Pandas library were used for finding 

some deep insights in our dataset. 

 

The dataset was kept in a “C:\” drive within a folder named “dataset” as shown below.  

 

The rating_data.head() shows the rating given by the user 1, which is user A as shown in Figure 

7.3. Similarly, we can view all user records, ratings for specific movies, etc. The movie 

information is shown in Figure 7.4.  

 

Figure 7.3: A piece of user information 

 

39 https://www.anaconda.com/distribution/ 

https://www.anaconda.com/distribution/
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Figure 7.4: Movies information 

The average rating given by different users for different movies can be shown in the following 

Figure 7.5.  

 

Figure 7.5: Average ratings 

7.4.1 Data Input to GraphLab Framework 

The dataset is fetched as an input to the GraphLab framework, as shown in the following code 

snippets. For scalability purposes, we used SFrame techniques. Although, our dataset is not 
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large enough and can be easily parsed; yet, for achieving maximum speed and efficiency, we 

used Python’s SFrame techniques as shown in Figure 7.6.  

 

 

Figure 7.6: Python's SFrame for our dataset 

A. Recommendation Model 

After fetching the dataset, the recommendation model was created. We used the Ranking 

Factorization Model for testing the desired results, as shown in the following Figure 7.7. A 

Ranking Factorization Model learns from latent-factors for each user and item and then ranks 

these for the recommendation process[152, 154]. 
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Figure 7.7: Ranking Factorization Model of our dataset 

B. Recommendation Score for Individual and Group users 

The user_id, item_id, and their score were calculated as shown in the following screenshot of 

a code snippet. Similarly, we can calculate the score for each individual and group users. The 

score for each user can be found in Appendix-A. Here, we have enlisted the score for all 15 

users. We selected the top-5 score and then ranked these score as shown in Figure 7.8.  
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Figure 7.8: User ID and Score 

The results for 15 users, including group user, are visualized from GraphLab as shown in Figure 

7.9.  The score up to 10 movies (items) for each user including group users, can be found in 

Appendix-A.  
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Figure 7.9: Users and Item scores 

C. Recommendation Score Visualization  

The scores of all users are visualized in Figure 7.10, and Figure 7.11. These figures show that 

the scores for group users are better than individual users. It further clarifies that the group has 

a significant impact on supplying social metadata, such as rates, tags, comments, etc. The 

groups based on age and gender information can produce better results than groups formed 

based on predictions and estimations.  
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Figure 7.10: User with their scores 

 

Figure 7.11: Trendline of users with their scores 

The summary of the item’s score is shown in the following Figure 7.12. We can see the 

“user_id”, “item_id”, calculated score “score” and rank information as shown in Figure 7.12.  
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Figure 7.12: Summary of scores 

The model attributes and statistics were obtained, as shown in the following Figure 7.13 and 

Figure 7.14.  

 

Figure 7.13 : Model Attributes (Items) 
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Figure 7.14: Model Attributes (Users) 

D. Training Model using MovieLens Trained Dataset 

The user data has also been tested by an already trained dataset provided by the MovieLens. 

The MovieLens provides already split data as trained data and can be used directly for analysis 

purposes. The original test-data in MovieLens dataset were replaced by our dataset. The 

following python code was used to read the data from the trained dataset “ua.base” and 

“ua.test”, which is our own created dataset.   

 

Figure 7.15: Using MovieLens trained dataset 

We select the popularity model for recommending items against the trained dataset. The 

following Figure shows the results.  
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Figure 7.16: Items recommendations to each user by using the popularity 

recommender model 
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Figure 7.17: Item Similarity model 

 

Figure 7.18: Item Similarity Model 
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E. Finding Precision and Recall 

Finding precision and recall has been done as shown in the following Figure 7.19 and Figure 

7.20 (a & b).  

 

Figure 7.19: Precision & Recall 

 

Figure 7.20 (a): Precision & Recall 
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The higher precision and recall show better recommendation performance. The precision, 

recall, and F1-score are calculated by equation (2) equation (3), and equation (4)  respectively 

[155].  

  Precision (P) =            (2) 

  Recall (R) =                (3) 

F1-Score=             (4) 

In equation (2) and (3), the Rr is the recommendation results, and Tu is the set of user’s favourite 

items. To find the best blend of recall and precision, we calculated the F1-Score by equation 

(4), which is the harmonic mean of both precision and recall metrics.  

 

Figure 7.20 (b): Precession, Recall, And F1-Score 
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In equation (4), we used precision and recall values for calculating F1-Score. The precision, 

recall, and F1-score for each user has been calculated, as shown in Figure 7.20 (a & b). The 

F1-score for first four users is more closed to recall and climbing towards precision when more 

members are added to the group profile.  

7.5 Proposed Group Profiles VS Social Theory Choice 

The proposed group profile has been compared and analyzed against the social theory choice 

for group recommendations. In the following sub-sections, the group profile (normalized) are 

compared with the profiles that are estimated and created from social choice theory [137].  

7.5.1 Additive Utilitarian Strategy Analysis 

As discussed in Chapter 5, the ratings of all users are added, and the highest rating items are 

ranked for a recommendation. The rating of the user (A) is added with the rating of the user 

(B). The rating of group user (AB) is multiplied by 2 for making them normalized. Figure 7.21 

shows that recommendation through additive utilitarian strategy by the group user (AB*2) is a 

better recommendation of the highest rating than adding the rating of the user (A) and user (B).  

7.5.1.1 Z-test for Additive Utilitarian vs proposed group strategy 

Summary statistics: 

      

        

Variable Observations Obs. with 
missing data 

Obs. without 
missing data 

Minimum Maximum Mean Std. 
deviation 

Additive Utilitarian 
Strategy (A+B) 

110 0 110 5.500 10.000 8.159 1.179 

Additive Utilitarian 
Strategy (AB*2) 

110 0 110 4.000 10.000 8.527 1.966 

        

        

z-test for two independent samples / Two-
tailed test: 

      

        

95% confidence interval on the difference between the means: 
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[ -0.797, 0.060 ] 
      

        

Difference -0.368 
      

z (Observed value) -1.684 
      

|z| (Critical value) 1.960 
      

p-value (Two-tailed) 0.092 
      

alpha 0.05 
      

        

Test interpretation: 
       

H0: The difference between the means is 
equal to 0. 

      

Ha: The difference between the means is 
different from 0. 

      

As the computed p-value is greater than the significance level alpha=0.05, one cannot reject the null hypothesis H0. 

 

 

Figure 7.21 Analysing the Additive Utilitarian Strategy 

7.5.2 Multiplicative Utilitarian Strategy  

The rating of the user (A) is multiplied with the rating of the user (B). Then the rating of group 

user (AB) is multiplied with itself i.e. (AB^2) for making them normalized. The results are 
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shown in Figure 7.22 and found satisfactory recommendations based on the multiplicative 

utilitarian strategy.  

7.5.2.1 Z-test for Multiplicative Utilitarian vs proposed group strategy 

Summary statistics: 

      

        

Variable Observations Obs. with 
missing data 

Obs. without 
missing data 

Minimum Maximum Mean Std. 
deviation 

Multiplicative Utilitarian 
Strategy (A*B) 

110 0 110 7.000 25.000 16.614 4.972 

Multiplicative Utilitarian 
Strategy (AB power 2) 

110 0 110 4.000 25.000 19.136 7.607 

        

        

z-test for two independent samples / Two-tailed test: 
     

        

95% confidence interval on the difference between the means: 
    

[ -4.221, -0.825] 
      

        

Difference -2.523 
      

z (Observed value) -2.912 
      

|z| (Critical value) 1.960 
      

p-value (Two-tailed) 0.004 
      

alpha 0.05 
      

        

Test interpretation: 
       

H0: The difference between the means is equal to 0. 
     

Ha: The difference between the means is different from 0. 
    

As the computed p-value is lower than the significance level alpha=0.05, one should reject the null hypothesis H0, and 
accept the alternative hypothesis Ha. 
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Figure 7.22 Analysing the Multiplicative Utilitarian Strategy 

7.5.3 Average Strategy  

The average strategy is used applied by taking the average of two or more user’s rates and then 

recommended the highest average rating item to users. In our case, where we create a new 

profile of two or more users at the same time, this strategy is not practicable nor feasible. The 

rates of two or more group users are recorded when both are available. We can compare the 

average rating of both users (A) and (B) with the rating of group user (AB) as shown in Figure 

7.23.  

7.5.3.1 Z-test for Average Strategy VS proposed group strategy 

Summary statistics: 
       

        

Variable Observations Obs. with 
missing data 

Obs. without 
missing data 

Minimum Maximum Mean Std. 
deviation 

Average Strategy (A+B)/2 110 0 110 2.750 5.000 4.080 0.589 

Rating (AB)/2 110 0 110 2.000 5.000 4.264 0.983 
        

        

z-test for two independent samples / Two-tailed test: 
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95% confidence interval on the difference between the means: 
   

[ -0.398, 0.030] 
      

        

Difference -0.184 
      

z (Observed value) -1.684 
      

|z| (Critical value) 1.960 
      

p-value (Two-tailed) 0.092 
      

alpha 0.05 
      

        

Test interpretation: 
       

H0: The difference between the means is equal to 0. 
    

Ha: The difference between the means is different from 0. 
    

As the computed p-value is greater than the significance level alpha=0.05, one cannot reject the null hypothesis H0. 

 

Figure 7.23 Analysing Average Strategy 
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7.5.4 Least Misery Strategy  

In this strategy, the lowest rating among two users is compared with the rating directly with 

the group user (AB) and depicted in Figure 7.24. The results show that the rating performed by 

the group user (AB) are better than the lowest rating performed by the individual user (A) and 

(B). The rating by the group user (AB) has satisfied both users, and hence this strategy is least 

applicable in the recommendation. We have compared the least rating of individuals with the 

group rating of the user (AB) and shown in Figure 7.24.  

7.5.4.1 Z-test for Least Misery vs proposed group strategy  

Summary statistics: 
      

        

Variable Observations Obs. with 
missing data 

Obs. without 
missing data 

Minimum Maximum Mean Std. 
deviation 

Rating by Least 
Misery Strategy 

110 0 110 2.000 5.000 3.632 0.837 

Group user (AB) 
rating 

110 0 110 2.000 5.000 4.264 0.983 

        

        

z-test for two independent samples / Two-tailed test: 
     

        

95% confidence interval on the difference between the means: 
    

[ -0.873, -0.391] 
      

        

Difference -0.632 
      

z (Observed value) -5.133 
      

|z| (Critical value) 1.960 
      

p-value (Two-tailed) < 0.0001 
      

alpha 0.05 
      

        

Test interpretation: 
       

H0: The difference between the means is equal to 0. 
     

Ha: The difference between the means is different from 0. 
    

As the computed p-value is lower than the significance level alpha=0.05, one should reject the null hypothesis H0, 
and accept the alternative hypothesis Ha. 
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Figure 7.24 Group user rating with the least misery strategy 

7.5.5 Most Pleasure Strategy  

In contrast to Least Misery Strategy, the most pleasure strategy selects the highest rating among 

individual ratings. The results are compared with the rating of group user (AB), as shown in 

Figure 7-25. The only strategy that can produce good results than group user rating is the most 

pleasure strategy and shown as trendline in the following Figure 7.25. However, the most 

pleasure strategy may produce bias results by ignoring the taste of other users. In contrast, the 

group user (AB) may satisfy both users presently watching and rating a specific movie. The 

integration and discussion in a specific movie may also help in rating, which in turn may help 

in recommendations.  
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Figure 7.25: Most Pleasure Strategy vs Group Rating 

7.5.6 Z-test for Two Independent Samples / Two-Tailed Test 

The statistical test is also conducted for finding the differences between means of both ratings, 

i.e. by the individual users (A), (B) and by the group user (AB). The statistical summary is 

shown in the following table. This shows that the differences between the two ratings exist. It 

further shows that the ratings of user A and B for a movie when rated by AB (as a group) if 

approaching towards the rating of user A, then we can say that user A is dominant over B and 

vice versa. 
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Summary statistics: 
       

        

Variable Observations Obs. with 
missing data 

Obs. without 
missing data 

Minimum Maximum Mean Std. 
deviation 

Most Pleasure Strategy 
Rating 

110 0 110 3.000 5.000 4.536 0.585 

Group user (AB) rating 110 0 110 2.000 5.000 4.264 0.983 
        

        

Z-test for two independent samples / Two-tailed test: 
     

        

95% confidence interval on the difference between the means: 
    

[ 0.059, 0.487] 
      

        

Difference 0.273 
      

z (Observed value) 2.500 
      

|z| (Critical value) 1.960 
      

p-value (Two-tailed) 0.012 
      

Alpha 0.05 
      

        

Test interpretation: 
       

H0: The difference between the means is equal to 0. 
     

Ha: The difference between the means is different from 0. 
    

As the computed p-value is lower than the significance level alpha=0.05, therefore, the null hypothesis 

H0 is rejected and accept the alternative hypothesis Ha. 

 

7.6 Summary  

In this chapter, the results were evaluated and visualized. Results show that group user(s) may 

have better recommendations than individuals. Moreover, the generating and maintain group 

profile based on age, gender, and number information yields better results than merging the 

preferences, which are normally based on estimation and predictions. In our techniques, the 

groups are formed based on actual viewers' data without exposing the real identity of a viewer 

or group of viewers, and hence security and privacy can be reserved. By using our proposed 
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techniques, a dominant character can be found in a group. The results of this chapter have been 

evaluated programmatically using Python programming language and by using statistical tests. 

Improved results are visualized in this chapter using charts and graphs.  
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Chapter 8: Conclusion and Future Work 

 

ecommender systems have many success stories and work great for smartphones and 

computer users. However, in the context of smart TV watching scenarios, the existing 

recommender systems have numerous issues and challenges. For example, (1) interactive but 

passive lean-back nature of a smart TV (2) group/shared device (3) connected devices that may 

leak a viewer’s privacy (4) and legacy remote-control as a primary device for communication 

that may restrict frequent interactions (see Part-II for more detail). Furthermore, the nature of 

content delivery on a smart TV is using push techniques that make it difficult to provide better 

clues for recommender systems. Moreover, the recommender systems that use watching history 

for recommendations are not feasible in the context of smart TV watching scenarios because 

of frequent switching of viewers in front of a smart TV. The infrequent interaction with a 

connected smart TV may affect user profiling, which in turn affect the recommendation results.  

8.1 Conclusion  

This study aimed to generate and maintain the anonymous and consolidated user/group profiles 

on a smart TV, which may help in extracting the interest of the exact viewer(s). We used the 

“age”, “gender”, and “number of viewers in a group” information for generating not only 

individual profiles but also group profiles. We proposed a new age-gender matrix for 

generating groups based on age and gender information. This approach is original and can 

target the viewers securely. The results are analyzed statistically and experimentally by using 

different tests and algorithms. The results showed a significant impact on recommendations to 

individuals and group users. This thesis also proposes a statistical method for finding a 

R 
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dominant character in a group. The finding suggests that existing recommender systems should 

adapt itself to the varying watching behaviour typically in a smart TV. Improving the 

recommender system for smart TV may not only contribute to user(s) satisfaction but it may 

also improve the conversion rate. Concluding the discussion, we argue that existing 

recommender systems are neither flexible nor intelligent enough to cope with the varying 

interests of smart TV viewers. 

8.2 Limitations of the Proposed Work 

The proposed work has several limitations that need further research. For example, the distance 

between smart TV and viewers affected the detection results, such as detection of “age”, 

“gender”, and “number of viewers”. The accuracy was disturbed by the light condition in a 

room. As smart TV is normally placed in the room, therefore proper light is necessary for 

accurate detection of different information about viewers. The camera resolution also affects 

the detection process.  The dataset in the backbone of machine learning algorithms can also 

affect the detection of viewers’ age, gender, and several faces. Moreover, besides the heavy 

image processing system, which needs powerful hardware, the proposed framework is not 

suitable for smart TVs that are used in public places like hostels, restaurants, roadsides, etc. 

The proposed system is designed for individuals and family/group viewers. 

8.3 Future work  

In the future, we intend to expand this work for displaying recommendation results on smart 

TV’s User Interface (UI). We aim to display the results in such a way that it may enhance the 

visibility and readability of recommendation results, as the cluttered interface is not welcomed 

by smart TV viewers. Furthermore, we aim to enhance the recommendation results up to the 

maximum level. The current recommendation systems are app dependent. We aim to develop 
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an app-independent recommendation system. Delivering relevant content may not only 

increase the conversion rate but also mitigate the issues of cognitive and content overload. As 

discussed, the existing recommender system relies on a user’s explicit and implicit feedback. 

We argue that in the case of smart TV, the recommender system should rely on the user’s 

implicit feedback. It is because, performing explicit feedbacks i.e. likes/dislikes, commenting, 

rating, etc., on a smart TV is a challenging task. Recommendation of related items i.e. ads 

within the app is not fully personalized and can be enhanced further. An app should behave 

like a channel, avoiding so many presses/click. 

The service provider’s server should be intelligent enough to target those geographical areas 

where a public event is going to be celebrated. For example, national holidays, Christmas, ‘Eid, 

Diwali, Ramadan, sports events, independence days, vacations, etc. the geographical area 

should be further narrowed down to the country and then to the province, city and eventually 

to the television room. The existing YouTube ads are distributed to target audiences in a 

specific geographical area, country, and cities. However, in populated cities, we have diverse 

groups of peoples. The best solution would be to bring the ads of interest to rooms. In the 

future, we will build contextual ontologies for precise identification of context and then use 

this contextual information for the enhancement of recommendation results. The contexts are 

identified from the client-side as well as a context container on the server. We aim to explore 

the rich set of contexts, such as time of the day, days of the week, weeks of the months, local 

events (Christmas, Eid, Diwali, etc.), international events, etc. 

A smart TV is a central hub for entertainment in most of the households; therefore, the existing 

recommender systems need to adapt according to the viewers watching behavior. The 

recommendation of relevant items and contents may not only contribute to the viewer’s 
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satisfaction but also may enhance the conversion rate. For example, Amazon and Netflix have 

reported 35% extra sales from their recommender systems [156]. Furthermore, it can mitigate 

the issues of cognitive and content overload and may further enhance the recommendation 

results. In sub-sections of this chapter, we presented some research opportunities that may help 

the practitioners and experts of the field for molding the existing recommender systems 

according to the smart TV watching scenarios. 

Moreover, a robust user/group modeling techniques may enhance the recommendation results. 

Most of the recent research work on the recommendation is trying to enhance the signals in the 

form of implicit and explicit feedback; however, it ignores the user’s actual presence, watching 

behavior and the purpose of watching a smart TV. 

8.4 Open Research Questions 

The writing up of this thesis brings several research questions that need to be explored further 

for not only better recommendations but also for providing improved personalized services, 

including user-friendly smart TV user interfaces. The sub-sections are dedicated to these open 

research questions. 

8.4.1 Protection Against Privacy & Security Issues  

As discussed, the exact identification of the viewer(s) may lead to security and privacy leakages 

[157]. However, better usage of smart TV capabilities, such as sensors (camera, GPS for 

location, storage, and processing, can build an exact profile for the viewer(s).  By using smart 

TV capabilities, we can identify a viewer or group of viewers based on age, gender, and 

numbers in a watching room. The identification of the viewer(s) should be in such a way that 

it may preserve the security and privacy of viewership data. 
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8.4.2 Focus Should be on Implicit Feedback 

The recommendation algorithms and techniques relying on user feedbacks should adapt to 

smart TV-watching behavior. In the case of personalized recommendations on a smart TV, the 

recommender system should rely mostly on implicit feedbacks [157]. Although, smart TVs are 

more interactive and can provide better clues for recommender systems; yet, we cannot expect 

rating, comments, likes/dislikes from a smart TV viewer. Therefore, the recommendation 

algorithms that consider the parameters mentioned above may not yield better results in the 

case of smart TV watching scenarios. We endorsed the argument in [157] that in a smart TV 

environment, the recommender system should more rely on implicit feedbacks instead of 

explicit feedback. 

Although, a general-purpose user-centric framework for recommender system is proposed by 

[158], in a smart TV watching environment, the recommender systems should concentrate 

more on personal data (except pictures) because the users in front of a smart TV are more 

important than data, such as history, preferences, logs, etc. Besides predictions and estimation 

for preference calculation, the existing group recommendation techniques can further be 

improved by merging the preferences of the actual viewer in a group, especially for 

recommending items on a smart TV. By exploring ways and means for identification of an 

actual member of a group may enhance personalization services, including group 

recommendations. 

8.4.3 App Independent Recommendations 

Most of the recommendations appear on the home screen of a smart TV are dependent on a 

specific channel (app). We argue that enhanced app-independent recommendation approaches 
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can mitigate this issue of single-channel-monopoly by recommending items, i.e. games, video, 

clips, etc., from diverse data sources and before entering to a specific channel (app).  In the 

existing practice, when you open a channel in a smart TV, that specific channel recommends 

the items. For example, in Android O40 (Oreo) for smart TV, the channels are enlisted on the 

home screen in vertical format and their recommended items are displayed against each channel 

in a horizontal format. Therefore, before opening a channel, very limited recommended items 

can be viewed on the home screen of a smart TV. Smart TVs have processing and storage 

capabilities, and hence this machine can learn from viewers watching behavior. The smart TV 

should be able to learn from the viewer’s activities for minimizing the cognitive overload on 

viewers. The smart TV should recommend relevant content for all types of viewers including 

kids, teenagers, gender-based contents, and senior citizens.  

8.4.4 Need for Adding Richer Context  

Although, existing recommender systems recommend items based on some context, such as 

the location of the device, time, keywords used, etc.; yet, the lack of semantically enriched 

contextual information, such as regional events, age factor, gender information, local vacations, 

events that are specifically related to a family/group, etc., are not sufficiently considered by the 

existing recommender systems due to either the non-availability or calculation of such 

information. We argue that seeking and incorporating such rich contextual information can 

further enhance the existing recommender systems for smart TV. The integration of social 

metadata may enhance the recommendation results [58]; however, social metadata belongs to 

 

40 https://www.android.com/tv/ 
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a single user. Therefore, such integration of social metadata should need more investigation for 

mitigating the issues of feedbacks on a smart TV.  

8.4.5 Need for a Universal Smart TV User Interface 

The viewers around the globe need a standard and a universal user interface for smart TV. 

Whatever the brand and operating systems are, the UI designer should provide an interface that 

is acceptable and common for all types of viewers to reduce the effects on learnability and 

cognition. Although, the smart TV can be operated by voice, gesture, and other input devices 

like keyboards and mouse; yet, the primary device for communicating with a smart TV is the 

ordinary remote control. Some brands, such as Android-based smart TV and Apple TV have 

full support for Google-Assistant and Siri-remote respectively for their devices. However, these 

devices are either difficult to use or highly expensive. There should be a universal, user-

friendly, and low-cost device for interacting with a smart TV. 

Smart TV is a much interactive device than legacy TV systems [1]. This interactivity has 

suppressed the unique feature of lean-back support. Television watching is a passive activity; 

therefore, frequent interaction is not always welcomed by television viewers.  The unique 

feature of television i.e. lean-back support should be maintained by exploring ways and means 

for least interactions with smart TVs. In the legacy TV system, opening, searching, and 

switching between channels was an easy task due to the limited number of channels. However, 

in a smart TV, the channels are now apps. Therefore, navigating between channels means 

navigating between apps and that is a cumbersome job by using the traditional remote control. 

The existing app (channel) should behave like a channel and should avoid so many 

presses/clicks for viewing the desired content. We argue that better and adaptive user interfaces 
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may mitigate such issues. We propose and recommend a universal user interface of the smart 

TV for enhancing usability, adaptability, recommendations, and learnability.   

Smart TV also provides EPG content searching and scheduling. However, scrolling a long list 

on EPG creates a problem in searching. We argue that content searching on smart TV should 

be simple and should avoid too many clicks or presses. We further argue that smart TV should 

re-build the EPG as per user interests.  

8.4.6 Dealing with Smart TV Bloatware  

Enrichment in the form of featurism and bloatware should be minimized. The companies 

should maintain a minimum standard for loading pre-installed bloats. They may help in the 

design of non-clutter interfaces.  The problem of malicious applications on smart TV has also 

not been effectively tackled. Although, some smart TVs have more robust security systems that 

don’t allow downloading applications from unsafe sources, the more common android is an 

open-source operating system that permits the installation of software from any source. 

Security mechanisms on android, e.g., sandbox, signature, and permission, are ineffective 

because the permission process is usually casual if the user is unaware of the security and 

privacy of data [159, 160]. Moreover, there is no way to restrict the permissions that an 

application request. Some bloatware exploits the permission process to steal and damage user 

data [159, 160].  
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Appendix-A 

User Score, item_id, and top score for 10 items 

 

Figure A-01: User 1 item and score in GraphLab 

 

 

Figure A-02: User 2 item and score in GraphLab 
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Figure A-03: User 3 item and score in GraphLab 

 

Figure A-04: User 4 item and score in GraphLab 
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Figure A-05: User 5 item and score in GraphLab 

 

Figure A-06: User 6 item and score in GraphLab 
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Figure A-07: User 7 item and score in GraphLab 

 

Figure A-08: User 8 item and score in GraphLab 
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Figure A-09: User 9 item and score in GraphLab 

 

Figure A-10: User 10 item and score in GraphLab 
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Figure A-11: User 11 item and score in GraphLab 

 

Figure A-12: User 12 item and score in GraphLab 
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Figure A-13: User 13 item and score in GraphLab 

 

Figure A-14: User 14 item and score in GraphLab 
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