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ABSTRACT 

As many other countries, Brazil is moving from an analogical to 
a digital TV system. Besides providing a better audio and video 
quality, an interactive digital TV (iDTV) system will make it 
possible to users interact with the TV in many ways. Such an 
interaction will contribute to the emergence of an array of new 
applications and possibilities, such as new approaches for 
interactive advertising. In particular, iDTV will provide an 
environment suitable for the placement of personalized 
advertisements which have the potential to be interesting for 
users and financing effective for advertisers and service 
providers. This kind of advertising approach has being 
successfully employed in another interactive environment, the 
Web, with large net gains for advertisers and content providers. 
Our aim in this work is to propose an architecture for a Web-like 
personalized advertising system (WPAS) and implement it for 
the Brazilian Digital Television System (ISDB-Tb), along with 
all the complementary mechanisms necessary in the ISDB-Tb. In 
particular, we present the design of the WPAS client module, 
describing the mechanisms necessary to the identification of the 
characteristics and interests of the users, the selection of the most 
appropriate ads, and their insertion into the content broadcasted 
by the service providers.  

Categories and Subject Descriptors 

J.m [Computer Applications]: Miscellaneous 

General Terms 

Algorithms, Design, Standardization. 
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1. INTRODUCTION 
 

TV advertising comprises a relationship among three main 
actors: (1) the TV user; (2) the service provider, that is, the entity 
which broadcasts the TV services/shows and the ads; and (3) the 
advertiser which provides the ads that will be broadcasted. 

Interactive digital TV (iDTV) systems provide an environment 
suitable for the placement of personalized advertisements which 
have the potential to be interesting for users and financing 
effective for advertisers and service providers. Since many years, 
this kind of advertising approach has being successfully 
employed in the Web with large net gains for advertisers and 
content providers [1]. 

TV advertising systems are generally characterized by (a) a 
passive entertainment environment hard to be measured; (b) the 
use of interstitial ads, that is, ads which are placed in the interval 
of the shows; (c) the ads are targeted according to show time and 
content with less attention to personalization; (d) ad slot times 
are statically defined and exclusiveness is assured, which limits 
targetedness and personalization; (e) advertisers pay according to 
measured audience and not the investment return. 

On the other hand, web advertising systems take great advantage 
of aspects such as targetedness, interactivity, and a collaborative 
environment. Such systems are characterized by (a) an active 
environment easy to be measured; (b) the ads are placed within 
the content; (c) ad targetedness is calculated according to user 
interests (high level of personalization), as well as a richer 
contextualization (spatial location, content, etc); (d) advertisers 
compete for ad slots dynamically without any guarantee of 
exclusiveness; (e) advertisers pay only when the user interacts 
with the ads. 

As previously mentioned, the interactivity of digital TV systems 
makes it possible the use of advertising systems similar to those 
operated in the Web, with only a few adaptations. In these 
advertising systems, the most appropriate ad would be estimated 
almost at real time taking into consideration interests of users, 
service providers, and advertisers. To accomplish this, the 
information about users and ads could be transmitted using a 
return channel and synchronized in the set-top box1 (STB) at 
show time, allowing maximum targetedness and personalization. 
As in the web, the ads might be obtained by means of an auction 
system.  

Note that in such an advertising system, the service provider can 
be the company associated with one or more TV channels (for 

                                                             
1 iDTV terminal. 
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instance, a network TV company), the distributor of multiple 
channels (for instance, a satellite or cable TV aggregator) or a 
information gatekeeper playing the role of an advertising agency 
(for instance, a web search engine company). 

In this work, we propose the architecture of a web-like 
personalized advertising system (WPAS) for a digital TV 
environment. In particular, we present the design of the WPAS 
client module, describing the mechanisms necessary to the 
identification of the characteristics and interests of the users, the 
reception of the most appropriate ads, and their insertion into the 
content broadcasted by the service providers. Note that in this 
work, we are not concerned with the strategy used by the WPAS 
server to select the most appropriate ads. 

This paper is organized as follows. In Section 2, we present some 
concepts necessary to understand this work. In Section 3, we 
present the proposed architecture for the Advertising Local 
Module. In Section 4, we present the related work we found in 
literature. Finally, in Section 4, we present our conclusions and 
proposals for future work. 

2. BACKGROUND 
In this section, we present some background information 
necessary to understand this work. In particular, we present the 
ISDB-Tb, the Ginga-NCL, and a particular Ginga-NCL 
extension, the Recommender Module. 

2.1 ISDB-Tb  
ISDB-Tb or SBTVD (short for Sistema Brasileiro de TV Digital) 
is a technical standard for digital television broadcast used in 
Brazil and based on the Japanese ISDB-T standard [9]. It differs 
from the ISDB-T in aspects as video compression, presentation 
rate, and the middleware software layer used for interaction. In 
particular, ISTB-Tb adopts the middleware Ginga, composed by 
Ginga-NCL and Ginga-J modules.  

2.2 Ginga-NCL 
Ginga-NCL [11] is a subsystem of the Ginga middleware which 
provides a multimedia presentation environment for declarative 
applications written in the NCL (Nested Context Language) 
language and its scripting language, Lua. Ginga adopts the 
reference TV middleware architecture ITU-T J.200 [6]. The 
Ginga-NCL module, in particular, is a software component 
organized into a three-layer architecture. The first layer is the 
Presentation Layer responsible by running interactive NCL/Lua 
applications. The second layer is the Common Core, a set of 
software components which provide basic TVD resources such as 
video and audio reception and processing, and context 
management. The third layer is the Operating System Layer 
which provides management services for basic resource such as 
processor, memory and network. Ginga-NCL has a current 
reference implementation (GRI), released under the GPL license. 

2.3 Recommender Module 
Several extensions have been proposed to Ginga-NCL to provide 
additional services. For instance, the necessity of sophisticated 
TV data analysis has stimulated the development of data mining 
and recommendation modules, such as the Recommender 
Module (RM) [2]. RM provides a set of services for process 
scheduling, data persistence, access to contextual information 

and data mining algorithms. Figure 1 presents a general 
description of the RM architecture and its interactions with other 
Ginga components.  
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Figure 1: Recommender Module Architecture. 

 
As we can see in Figure 1, the Recommender Module comprises 
five components: Scheduler Agent (SA), Mining Agent (MA), 
Local Agent (LA), Filter Agent (FA) and Data Agent (DA).  

SA is responsible for dispatching mining processes. It 
communicates with Context Manager to determine if enough 
resources are available for the applications to be dispatched. MA 
provides mining algorithms for the most common mining tasks, 
that is, classification, regression, association, and clustering. 
Information about the interactions among the user and the STB 
and the time she/he spends watching a service is captured by the 
LA. The FA component filters out the results of MA, according 
to relevance criteria. It also provides an access interface to user 
interaction history and service metadata tables. The DA 
component is responsible for recommendation storing in a SQL 
database. 

3. WPAS for iTVD 
 

A complete a web-like personalized advertising system (WPAS) 
for a iTVD environment should support an auction system, take 
advantage of collaborative information derived from user and 
advertiser communities, and minimize transmission costs due to 
the probably low availability of a broadband return channel in 
the Brazilian TVD environment. To meet these requirements, the 
following key characteristics are proposed: 

• User identification and part of the ad match processing takes 
place locally in the STB. This minimizes transmission costs 
and remote centralized processing;  

• The ad recommendation is calculated in a centralized way, 
making it possible the use of collaborative recommendation 
approaches;  

• The infra-structure for ad inclusion is web-based to make it 
easy the implementation of an auction system; 

The general architecture of WPAS is described in Figure 2. As 
we can see in Figure 2, WPAS is composed by three main 
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components: Advertiser Module, Service Provider Module, and 
User Module. Through Advertiser Module, interests and ads of 
advertisers are gathered and transmitted. User Module identifies 
users, receives and places ads. Finally, Service Provider Module 
aggregates information from advertisers, users, and show 
contents to find the most appropriate ads. From these modules, 
User Module is the only one to reside in the STB. 
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Figure 2: WPAS General Architecture. 

In this paper, we present the detailed architecture of the WPAS 
User Module for the Brazilian Digital Television System (ISDB-
Tb) using Ginga-NCL.  

To work, the WPAS User Module has to identify the current TV 
user. Given the nature of a TVD environment, we do not expect 
that users identify themselves spontaneously. Thus, the STB 
would be able to estimate the current user based on his/her 
behavior characteristics. Since the current Ginga-NCL 
specification does not describe such an implicit identification 
service, we also propose an extension to GRI which supports user 
implicit identification.  

In next subsections, we describe an extended version of the 
original Ginga Context Manager which supports user implicit 
identification and for which we refer to as Implicit Context 
Manager. We also describe the set of NCL/Lua application which 
will run at the top of Ginga-NCL responsible to receive and 
transmit user information and ads, as well as to place ads into the 
broadcasted content. We refer to this set of applications as 
Advertising Local Module. 

3.1 Implicit Context Manager 
Context management is one of the services provided by the 
Ginga Common Core layer through a component called Context 
Manager (CM). Ginga CM records information about user 
accounts and preferences. This data is recorded for the current 
authenticated user. If no user is authenticated, a generic user 
(default) is taken as the current user and data is collected for 
him. Since this is the most common situation (default is the 
current user), the contextual information gathered is more about 
the general TV usage pattern than about individual user 
behaviors. Thus, the availability of a service for individual user 
identification should minimize that problem, allowing for a 
higher level of service personalization.  

In this section, we describe a new component of Ginga-NCL, the 
Implicit Context Manager (ICM). ICM extends the original 
Ginga CM to provide a service for guessing the current user 
based on its behavior characteristics.  

Given the necessity of assessing the user identification from a 
large amount of user behavior data, the ICM uses several 
services provided by the Recommender module.  

ICM is periodically launched by SA. Since user changes are more 
common during the transition of a show to another2, the ICM 
continuously verifies such a transition event. Always that this 
event is observed, ICM starts the implicit user identification 
process. To accomplish this, from MA, ICM uses clustering 
algorithms. It obtains information about service schedules and 
the user history log from FA component. Finally, by using the 
services originally provided by Context Manager, the ICM gets 
information about authenticated users as well as saves 
information about implicit users, including the profiles which 
characterize them.  

Note that all the information in ICM is available as context data 
in the Ginga presentation layer and, by extent, to any running 
NCL and Lua applications3. Further, the CM notification 
mechanism can be used to notify applications about implicit user 
changes.  

The key element of ICM is the algorithm used to estimate the 
current implicit user, depicted in Figure 3. Every time ICM is 
called, independently of observing service transitions, it collects 
statistics about the content watched by the user. In our prototype, 
in particular, each user is represented by the time he/she spends 
watching each one of the many available service subgenres 
(news, sports, comedy, drama, etc)4. We refer to this user 
representation as an implicit user profile. Implicit user profiles 
are recorded by ICM. 

The statistic collected in the last service transition is 
accumulated into the implicit profile of each implicit user 
candidate recorded by the algorithm. For each new subgenre 
transition, a new candidate is created. If a new user u is 
authenticated or if the degree of certainty on the implicit profile 
of u is greater than a threshold, all the previously candidates 
created during the active section are discarded5. At the same 
time, that implicit profile is associated with the user account of 
u. Note that each user with an account (that is, all the users, 

                                                             
2 This information was obtained from a TV audience log, 

provided by a company that collects TV ratings in Brazil. 
3 Context variables default.curiprof and default.iprof, accessible 

to any NCL/Lua application, indicate the current implicit user 
id and the corresponding implicit profile, respectively. 
Variable default.curiprof has a format userid:profileid, where 
userid corresponds to the current user id and profileid 
corresponds to the current profile id of this user. Variable 
default.iprof presents a series of numbers separated by commas 
which correspond to the values of the attributes used to 
represent the implicit user profile.  

4 Note that the profile might be composed by any available 
evidence other than service subgenres, such as channels, 
demographic data (age, gender, zip code, etc) or a combination 
of them. Also, no change is necessary in the algorithms if other 
set of evidence is used to represent the user profiles. As 
previously mentioned, variable default.iprof stores the list of 
attribute values used to represent the user profile, separated by 
commas. 

5 If the degree of certainty calculated by ICM for a user u is 
greater or equal to 0.95, the ICM internally authenticates u. 
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except the default) can have only one implicit profile in the 
system. 
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Figure 3: Estimating the current implicit user. 

ICM, then, compares each one of the candidate implicit profiles 
with all the profiles in the profile database (the profiles are saved 
as context variables in the STB)6. In the case in which no 
database profile is identified7, one of the candidates is selected 
as the current user profile and inserted into the profile database8. 
In the case in which a database profile is identified, its statistics 
are updated. If the identified profile p differs from the current 
implicit profile, p becomes the current one. NCL/Lua 
applications can note such profile change by monitoring variable 
default.curiprof. 

As the time goes on, the profile base converges to a set of 
profiles corresponding to the users of that TV. Note that certain 
profiles may characterize user groups and not only individuals. 

The profile base is started with generic profiles. These profiles 
correspond to typical user behavior classes (children, teens, 
adults, and seniors; men and women; A, B, and C social classes). 

To avoid a large number of profiles in this base and, thus, to 
keep it with a reasonable size, compatible with a typical family, 
ICM periodically identifies very similar profiles and groups 

                                                             
6 Comparisons are carried out using a simple vector comparison 

method, based on the cosine similarity metric [3]. In the future, 
we intend to use a more sophisticated probabilistic method 
which takes into account aspects as subgenre popularity and 
user assiduity. 

7 More precisely, if no candidate profile matches a database 
profile with a certainty degree of similarity greater than a 
minimum threshold, we consider the observed behavior is new. 

8 The selection criterion adopted in our prototype is the choice of 
the oldest candidate profile in the current watching section. As 
alternative, we could choose the most distinct candidate or a 
combination of candidates. 

them9. Further, profiles not used for a long time are removed 
from the base. 

3.2 Local Advertising Module 
As seen in the previous section, to determine the local context of 
each user, it is necessary to process a large amount of 
information on user behavior and service content. In a completely 
centralized architecture, this would imply both on larger 
transmission costs and server processing time. To avoid this, our 
web personalized advertising system (PWAS) is based on a 
client-server architecture, where the client resides in the STB, it 
is able to receive ads and insert them into the broadcasted 
content, as well as to send to the server the contextual 
information necessary to the selection of the most appropriate 
ads. This client, the Local Advertising Module (LAM), is 
described in this section.    

LAM comprises three components: Ad Schedule Receiver 
(ADSR), Ad Synchronizer (ADSY) and Ad Placer (ADPL). 
ADSR is the component which receives ad schedules and the 
ads. ADSY synchronizes each ad according to the received ad 
schedule. Further, it monitors user changes and notify them to 
the advertising server. Finally, ADPL places the ads within the 
content being broadcasted. All these components were 
implemented using Lua, which makes it possible the server 
modifies its local advertising strategy by sending new versions of 
these applications. 

Note that in the descriptions in this section, we assume that: 

• The local advertising module is restarted when the channel 
is changed. Thus, none of the described components needs 
to be notified about channel changes. This does not imply 
that the received schedules are discarded. They can be 
useful if the user comes back to a channel for which a valid 
schedule is still available; 

• The location of the advertising server is sent along with the 
local advertising components by the service provider which 
also knows the channel which the TV is tuned in. So, we 
can say that the advertising server is dedicated to that 
channel. Note that this does not prevent the creation of large 
advertiser/user communities and facilitates the adoption of 
several client schedule approaches. It also facilitates the 
maintenance of local caches of ads for popular channels;  

Figure 4 shows the architecture for the proposed local 
advertising module and its interactions with other Ginga 
components and the advertising server. As we can see in Figure 

4, the ADSR component listens to the advertising server waiting 
for new ad schedules and ads. After receiving new ads, ADSR 
stores them locally and notifies ADSY about them. Note that 
ADSR is responsible for implementing politics to save space and 

                                                             
9 In particular, we used an iterative clustering algorithm able to 

forecast the number of clusters. The basic clustering method 
we used is k-means [12]. The forecasting of the number of 
clusters is performed by finding the k value for which the 
Bayesian inference coefficient (BIC) is not able to present 
significant gains anymore [12]. This k value can be obtained by 
applying the L method [10].  
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network band. To accomplish this, ADSR stores ads until to 
occupy a maximum limit, when it starts to remove the least 
frequently used ads. It also asks to the server to send only ads not 
present in the STB. The information in the schedule corresponds 
to the ad insertion time (date and time), the exhibition time, the 
ad close button coordinates, the ad identification, and the channel 
for which the ad is valid (useful for cache strategies). The ads are 
transmitted as unique compressed files containing the 
corresponding Lua script and media files. 

  

 

 

Ad Collaborative Recommender 

Ad Schedule Sender User Context Manager 

  

Ad 

Placer 

 

Recommender Module 

Implicit Context Manager 

Advertising Server 

Ginga 

Local 

Advertisement 

Module 

Set-top Box 

Ad schedule, ads 

UserId, profile 

ad 

 

Ad Schedule 

Receiver 

Ad 

Synch 
 

Ad schedule Ads 

Profile (if 

requested) 
UserId 

new schedule 

 

Figure 4: Local Advertising Module 

ADSY wakes up every half second to verify if a new ad has to be 
placed into the content according to the current schedule. If a 
new ad is available, ADSY removes the corresponding schedule 
entry, retrieves the ad from the database, decompresses it and 
notifies ADPL to place it into the content. The ADSY 
notification to ADPL also includes the ad close button 
coordinates.  

ADSY also monitors the ICM component, waiting for an implicit 
user change. When this event is observed, ADSY collects the 
new implicit user identification and its corresponding implicit 
profile. It then stops ad placements using the current schedule 
and notifies the advertising server, through the return channel, 
about the new current user. As an answer to this notification, the 
server can request the user profile, which is sent to it by ADSY. 
Once stopped, ADSY only restarts ad placements after receiving 
a notification from ADSR (about a new valid schedule). 

Finally, ADPL is the component that places the ad into the 
content. It shows the ad close button in the requested position 
and runs the Lua script corresponding to the ad. If the user closes 
the ad, ADPL finishes the execution of the corresponding Lua 
script. Figure 5 depicts an ad placed at the top of a video screen. 
In this figure, the close button is displayed as a small rectangle 
with a white down arrow. Note that this example ad includes an 
image and some text. 

 

Figure 5: Ad placed at the top of the video area. 

 

local img   = canvas:new('propmedia/Prop2.png') 
local dx,dy = img:attrSize() 
local fundo = {img=img,x=0,y=0,dx=dx,dy=dy} 
 
local img1   = canvas:new('propmedia/danca.png') 
local dx,dy = img:attrSize() 
local foto = {img1=img1,x=10,y=0,dx=dx,dy=dy} 
 
local menorsz=20 
 
require 'desenha-ad' 
 
frase1="lulu sabongi - a arte da danca do ventre" 
frase2="site completo de pesquisa e desenvolvimento, 
cultura arabe, videos didaticos, " 
frase3="cds e milhares de dicas para a mulher. aulas e 
workshops. inicio imediato." 
 
calculasz(frase1,20) 
calculasz(frase2,20) 
calculasz(frase3,20) 
 
l1=2 
l3=l1+20+menorsz 
while (l3 > 300)do 
 menorsz = menorsz-1 
 l3=l1+20+menorsz 
end 
 
desenhafundo() 
escrevetexto(frase1,20,125,l1) 
escrevetexto(frase2,menorsz,125,l2) 
escrevetexto(frase3,menorsz,125,l3) 

 
Figura 6: Lua script corresponding to the ad depicted in 

Figure 5.  

 

Figure 6 presents the Lua application corresponding to the ad 
shown in Figure 5. By allowing the execution of any Lua script, 
the ADPL makes it possible the placement of many ad formats 
(including interactive ones) at different regions in the video.  
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4. RELATED WORK 

Many works in literature have addressed the problem of 
recommending ads considering interests of users, advertisers, 
and service providers. The works most similar to ours are these 
focusing on video advertising in the web and advertising 
architectures for iDTV. 

Regarding web video advertising, a very interesting study was 
proposed by the authors in [7]. They suggested an algorithm for 
determining the best ads and video insertion points based on 
video content. More specifically, they use evidence surrounding 
the video available in the site where the video is located. In fact, 
the use of this kind of evidence for ad selection is also explored 
in other works, such as [5]. In that work, the authors also 
consider user interests when estimating the best ads such that 
their approach can be considered a personalized one and, by 
extent, more similar to ours. However, unlikely our study, both 
works deeply rely on a Web 2.0 environment. In such 
environments, much collaborative textual evidence is available, 
explicit authentication is very common, and a typical user prefers 
to watch TV alone.  

Regarding digital TV advertising, similarly to our work, the 
authors in [4] use behavior information to guess the user in front 
of the TV and recommend ads based on that evidence. Unlike 
that work, however, we also propose an architecture for the 
placement of interactive ads and implement such an architecture 
for the ISDB-Tb. Other work on ad recommendation that takes 
into consideration user personalization was proposed in [8]. In 
that one, a mobile device is used as additional source of user 
information and as a means for advertising. Note that our 
proposal is different from that one since we guess the user and do 
not rely on external devices to gather statistics or store profiles. 

5. CONCLUSIONS 

In this work, we proposed an architecture for a Web-like 
personalized advertising system (WPAS) and implemented it for 
the Brazilian Digital Television System (ISDB-Tb). In particular, 
we presented the design of the WPAS client module, describing 
the mechanisms necessary to the identification of the 
characteristics and interests of the users, the selection of the most 
appropriate ads, and their insertion into the content broadcasted 
by the service providers. As future work, we consider to improve 
several aspects of our architecture and algorithms, as well as, to 
test it on an actual TVD environment. Regarding our 
architecture, we intend to extend it to take advantage of implicit 
user information to recommend interstitial ads. Our current 
architecture is focused only on placing ads into the broadcasted 
content. Regarding our algorithms to guess the current user, we 
intend to study different information for representing the users 
and evaluate several strategies to minimize the number of profile 
candidates. We also intend to evaluate more sophisticated profile 
comparison methods. In particular, we will use a probabilistic 
method that take into consideration aspects as genre popularity 
and the total time the user spends watching TV. 
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