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Abstract

Universal access on equal terms to audiovisual content is a key point for the full inclusion of
people with disabilities in activities of daily life. As a real challenge for the current Information
Society, it has been detected but not achieved in an efficient way, due to the fact that current
access solutions are mainly based in the traditional television standard and other not auto-
mated high-cost solutions. The arrival of new technologies within the hybrid television envi-
ronment together with the application of different artificial intelligence techniques over the
content will assure the deployment of innovative solutions for enhancing the user experience
for all. In this paper, a set of different tools for image enhancement based on the combination
between deep learning and computer vision algorithms will be presented. These tools will pro-
vide automatic descriptive information of the media content based on face detection for mag-
nification and character identification. The fusion of this information will be finally used to
provide a customizable description of the visual information with the aim of improving the
accessibility level of the content, allowing an efficient and reduced cost solution for all.

Introduction

In today’s society, television consumption is still one of the main activities of everyone’s life. It
can serve different purposes, such as entertainment, information, and education, thus being
considered as an essential tool in building inclusive societies. In this regard, while the provi-
sion of media content in terms of television coverage is nearly complete, many people who live
with some form of disability are still unable to enjoy it, due to access problems related to the
content, the information and/or the devices necessary for accessing it.

Current strategies for allowing people with disabilities to perceive what is happening on the
TV are usually based on common services, such as closed captioning and signing for the deaf,
audio descriptions and audio captions for the blind, and accessible remote control devices for
people with reduced capabilities. The cost of providing these kinds of solutions, which includes
not only their implementation but also the research work that has to be done previously, has
been usually presented as one of the main reasons for limiting the amount of accessible con-
tent in the television programming, making that it only achieves the legal level in the best cases
[e.g., in France (CSA, 2017)] or even provides less accessible content than that [e.g., in Spain
(CNMC, 2017)]. For this reason, the definition of new low-cost efficient access services will
promote their spread in the multimedia content delivery scenario.

In another aspect, and as it is going to be explained later, sometimes current solutions are
not enough for assuring a fully access to the entire content in terms of user’s needs and expec-
tation, thus making more difficult for people with disabilities to participate in different aspects
of social and cultural activities related to the television consumption. In this regard, additional
solutions must be defined, and they have to be focused not only on “how” the content is pro-
vided but also on “what” additional content can be delivered to enhance the user experience
for all.

The digital transformation of the traditional TV landscape within the current audio-visual
sector provides a new innovative area for facing these accessibility challenges. In this context,
the increase of the use of smart devices while watching TV with Internet capabilities as the
same time that the typical broadcast environment for content delivery is alive to compose a
new scenario where innovative services can be the answer to new expectations (Claudy,
2012): the hybrid television environment.

This evolution, from typical stand-alone TV set scenario to complex hybrid multiplatform,
boots the improvement of several aspects that can be considered as essential for increasing the
accessibility level, such as the content hyper-personalization and the user interaction. In this
context, with the emergence of different technologies, such as Internet Protocol television
(IPTV), over-the-top television (OTT-TV), or hybrid broadcast-broadband television
(HbbTV) (Malhotra, 2013), the introduction of companion screens (CS) for multi-screening
may define the new consumer behavior (Vinayagamoorthy et al., 2012), where users may
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access additional content and services related to the main content
in TV in a synchronized way in order to complement it and even
to replace it in some cases, creating new users’ experiences.

Taking this into account, this new scenario will be used for the
“how” aspect of our approach, since it will help to guarantee an
optimal provision of the content not only in terms of delivery
but also in terms of presentation, due to the use of the CS as a
new mean for the presentation of additional accessibility services.

In the other hand, the “what” aspect of our solution will be
focused on the content processing for obtaining low-cost efficient
access services that can beneficiate from the application of new
algorithms and processing techniques such as deep learning
(Sáez Trigueros et al., 2018; Voulodimos et al., 2018). These
methods can be applied to obtain new services that provide a
higher accessibility level in the media content provision land-
scape. The automated detection of particular objects inside the
content may not only increase the information to be presented
to the user but also improve the way it is presented. According
to this idea, in this paper we present a complete method for auto-
mated face detection which will allow to develop different solu-
tions for enhancing the access to the content as magnification
for helping in the lips reading process for deaf people and char-
acter identification to provide additional information to comple-
ment current solutions (improving the subtitles and the audio
description).

Considering the aforementioned concepts, the main objective
of this paper is to present two innovative access services for help-
ing the inclusion in the TV environment based on the combina-
tion of these two different dimensions: on the one hand, the new
television paradigm for content provision, that is, the hybrid tele-
vision due to its own capabilities and, on the other hand, the
application of different artificial intelligence tools for content
processing.

In this regard, these innovative services represent a new user-
side centered approach focused on obtaining additional informa-
tion from media content by the application of different image
analysis algorithms and presenting it to the final user through
the hybrid TV environment, enhancing the accessibility level of
the content provided. From these facts, we can conclude that
our approach may allow improving the quality of experience
(QoE) related to the TV watching experience for people with dis-
abilities, facilitating the transformation of the current no fully acces-
sible landscape into a more inclusive scenario, where interaction,
immersion, and customization for all will become the new center
of the TV content provision. Nevertheless, this claim should be con-
firmed by the final users during the testing phase, which has been
defined as a future work in the Conclusion section.

To describe the above-mentioned contributions, this paper is
outlined as follows: The section “Related work and problem for-
mulation” justifies the application of different deep learning tech-
niques for media content processing for new access services and
their provision through hybrid TV environment together with
their theoretical background. Our methodology for image analysis
based on deep learning techniques for face detection is presented
in the section “Video analysis for facial information detection”,
including the explanation about the applied algorithms and the
obtained results for our approach. Then, the section “New access
services for the HbbTV environment based on the image analysis”
provides a wide presentation of the final services, indicating how
they are implemented and how the previous results are presented
to the final users. The section “Discussion” includes a discussion
about the obtained results. Finally, the section “Conclusions and

next steps” is focused on presenting the conclusions and the
related future work.

Related work and problem formulation

Similar to what has been happening in other fields; digital revolu-
tion has come to shake the pillars of the entire TV landscape,
causing a deep change in consumer behavior and in service pro-
vision possibilities. In line with this, the evolution from standard
machine learning methods to more complex deep learning algo-
rithms has opened a wide range of processing opportunities, espe-
cially in the image analysis field, thus helping the definition of
innovative services to increase the content accessibility and fulfill
user’s needs and preferences. Next sections present the back-
ground of these two main areas and explain today’s main problems
in media content accessibility with the purpose of analyzing the
related research problem and contextualizing our approach.

Hybrid television and content access problems

Regardless the high penetration that broadcast services still main-
tain nowadays, there is a clear setback of their importance within
the media content consumption. Figure 1 shows how this con-
sumption is decreasing over standard broadcasted TV, while the
view time via Internet is continuously increasing, especially
among younger consumers averaged across the United States pop-
ulation [millennials and teens (McNally and Harrington, 2017)].

In this regard, there are two main facts that give an idea of the
current multimedia market evolution: on the one hand, the
increase of the Smart TVs purchase that has tripled in the last 5
years (Statista, 2017) and, on the other hand, the increase of the
consumers performing activities on a second screen as part of
their viewing [81% during the traditional TV viewing, 72% during
digital video streaming (eMarketer, 2017)], either to complement
the content or to create new audio-visual experiences (Ziegler, 2013).

As a result of the above facts, a new disruptive environment
opens up to facilitate new solutions that allow fulfilling consu-
mers’ needs and expectations. In this regard, the emergence of
hybrid content provision technologies represents a relevant
framework that considers these main factors and provides innova-
tive solutions, especially with the definition and development of
the new HbbTV standards, which combines broadband and
broadcast delivery for digital multimedia content.

The rise of Smart TVs penetration has also involved an
increase of the HbbTV adoption all over Europe since almost
the 70% of the TV sets are compatibles with hybrid television
(Domínguez et al., 2018). Moreover, the adoption of HbbTV
2.0.1 (ETSI, 2016) as the new specification to be deployed, allows
the connection between a hybrid television and second screen
devices when they are connected to the same network (typically,
using a WiFi connection). In this way, it is possible to create a dif-
ferent user experience with synchronized content in all devices
and offer personalized services in the second screen applications.
They are known as multi-device scenarios, and there are many
different use cases contemplated. The most typical one is when
a user is watching a specific program through the digital terrestrial
television (DTT) channel on TV and, on the second screen and
thanks to a broadband channel, the user can also access to syn-
chronized additional services, such as alternatives audios, multi-
view content, personalized advertisement, statistical data
information, or accessibility services (subtitles, sign language,
audio description or others that facilitate access to content for
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people with visual or hearing disabilities, or elderly people). This
provides a disruptive scenario where the enhancement of the user
experience will be the center of the industry.

In relation to the accessibility aspect in this scenario, people
with disabilities like watching TV, as even considering it as an
important family time activity. Furthermore, their great desire
would be to improve the television experience [as in the case of
blind and visually impaired people (Woods and Satgunam,
2011)], which can only be done by means of an efficient provision
of complete accessibility services for assuring an optimal media
content access on an equal basis for all.

At European Union level, this issue has been recognized as an
essential user right in the audio-visual sector, so the setting of dif-
ferent actions for its implementation has been defined as one of
the priorities of the European Disability Strategy 2010–2020
(European Commission, 2010). In this context, European Union
Regulators have imposed media accessibility to broadcasters, but
the specification about actual goals or the number of hours of
programming to be compliant to the directives have not been
defined yet. Nevertheless, there are some countries such as
Spain and France, as mentioned above, that have already provided
specific regulation regarding this issue, and they are making
important efforts in analyzing their fulfillment by the different
broadcasters.

Furthermore, UE has supported the deployment of different
accessibility solutions for this scenario by funding several research
and innovation projects, such as HBB4ALL (Orero et al., 2015),
Prosperity4All (Prosperity4All Project), ImAc (Immersive
Accessibility Project), and EasyTV (EasyTV Project), where the
work done for this paper is framed.

EasyTV project: an innovative approach for multimedia content
accessibility
EasyTV is a 30-month length project aiming to offer easier access
to converging media content to persons with disabilities by offer-
ing new mechanisms for content delivery, interaction, and presen-
tation based on four main pillars:

– Universal multimedia access: EasyTV will ensure improved
access to multimedia content through the provision of different
services that will enrich the visual and sound experience for all.
To do so, it will be focused on providing new graphical

interfaces adapted to users’ needs, on performing an innovative
audio processing for intelligibility improvement and finally on
defining new tools for enhancing the image of the content,
such as the services presented in this paper. EasyTV will also
deploy efficient tools for universal interaction by means of mul-
timedia devices.

– Novel technologies for breaking the sign language barriers: the
project will be focused on the creation of a multilingual crowd-
sourcing platform for the sharing and generation of accessible
content, such as subtitles, the definition of an ontology for
the link and translation of different sign language concepts
and, finally, the advance in the capture and generation of
sign language content by means of hyper-realistic avatars.

– Personalization: EasyTV will delve into an improved customiza-
tion of the user experience thanks to the generation of adaptive
menus and graphical interfaces, the provision of service recom-
mendation tools and content based on user models and finally
to the access adaptation through MPEG-DASH (dynamic adap-
tive streaming over HTTP) (Sodagar, 2011) service provision.

– User-centric approach: EasyTV will propose a methodology
based on a continuous user feedback for a clear idea of the
existing needs (for user requirements gathering) and for a reli-
able opinion about the deployed services (for user validation).
This has been an essential input for the definition of the ser-
vices presented in this paper, as it is going to be explained later.

As can be seen, EasyTV is an ambitious and widespread pro-
ject where new tools are going to be developed for improving the
access to the contents of people with disabilities according to their
own indications. Moreover, these tools will be integrated into a
complete platform to be directly used by any broadcaster.
Regarding the user requirements gathering, the performance of
focus groups with final users is vital for our approach and helps
us to understand which are the main demands in the real sce-
nario. In this context, the next section is focused on presenting
some of them.

Lack of media content accessibility in TV consumption
Considering the current situation of the access services in TV sce-
nario that has been briefly explained before, during the first step
of the project we have defined and performed two specific focus
groups that have helped us to better define our proposal, one
for deaf people and one for visually impaired people. These
focus groups were completed by a total of six super end users
each, where super end user means experts that know both the dis-
ability and the technology, with the aim of trying to avoid any
biased result [more details about the methodology, the ethic
requirements and the participants are provided in Matamala
et al. (2018)]. Following this approach, Table 1 shows some of
the main frustration that blind and deaf people find when using
the TV that have been collected within these focus groups.

The services proposed in this paper are derived from some of
the lacks indicated by the users with visual impairments in the
focus groups since they are focused on the image analysis of the
content. In this respect, the face detection tool will be firstly
used for magnification purposes in order to help people with
vision deficit to improve their perception of these specific ele-
ments in the content. Moreover, the application of different
deep learning algorithms on the face detected will lead us to
obtain information automatically that will improve the audio
description information by identifying the people in the scene
and their specific characteristics in terms of gender and age.

Fig. 1. Average audience composition by platform among adults aged 18+ [from
Nielsen report Q1 2016 (NIELSEN a, 2017), Q2 2016 (NIELSEN b, 2017), Q3 2016
(NIELSEN c, 2017), Q4 2016 (NIELSEN d, 2017), Q1 2017 (NIELSEN e, 2018), Q2 2017
(NIELSEN f, 2018)].
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Once the definition of these new services has been justified, the
next section will present the theoretical background of the image
analysis with deep learning techniques that are going to be applied
for obtaining them.

Need for a higher level of accessibility: image analysis based
on deep learning for improving the content access

According to the “European Disability Strategy” Report
(European Commission, 2010), the number of people with dis-
abilities in the EU will reach 120 million by 2020 and World
Health Organization (WHO and others, 2013) estimated that 39
million people were blind in 2010 from a total of 285 million peo-
ple visually impaired. For that reason, the promotion of affordable
access to services in environments, such as education, health, or
employment, is a key factor for reaching equality among the citi-
zens of the EU countries. The development of technologies for
improving the accessibility is an important responsibility for
developers and content distributors because it is necessary for
ensuring that people with disabilities have access to goods, infor-
mation, and multimedia services. And considering the current
capabilities that the deep learning techniques are bringing to
the audio-visual automatic information gathering, we should
take advantage of applying them into this environment in order
to obtain innovative services that may advance to break the access
barriers. In this regard, and for this problem statement, next sec-
tions are going to present the different aspects that are the basis of
our approach.

Deep learning techniques for visual information gathering
With this objective in mind, it is important to say that nowadays
the application of different deep learning methods are outper-
forming good several results in this area, representing a powerful
solution to be considered in this environment. Moreover, the
availability of a huge quantity of annotated information is grow-
ing exponentially and is the key concept that allows deep learning
algorithms to improve their performance, so the chance is abso-
lutely clear.

The application of computer vision tools for analyzing differ-
ent human behavior and characteristics have been studied along
the time, resulting in three main research areas: human detection,
human recognition, and human tracking. And, based on these
three areas, it is possible to extract important information to

perform more complex tasks as human activity recognition or
pose estimation.

Computer vision algorithms are mainly based on a mathemat-
ical background and sequential steps that provide the final esti-
mated result for the problem under the study. Some years ago,
some of these algorithms started to include machine learning
techniques to learn about the extracted features from the algo-
rithm in order to perform a final classification. Examples of
these applications can be used for background subtraction (for
movement detection in consecutive frames) in combination
with support vector machines (to classify the detected movement
in different categories) (Xu et al., 2011; Ahmed et al., 2017), Haar
cascade classifiers for face detection (Padilla et al., 2012; Cuimei
et al., 2017), and semantic segmentation of objects in a scene
(Yuheng and Hao, 2017).

All above examples have been achieved with the use of compu-
ter vision in combination with machine learning techniques, pro-
viding interesting results in a wide amount of particular
applications. Nowadays, all these results have been improved by
the application of deep learning algorithms in order to solve com-
plex computer vision tasks. In this regard, a huge variety of object
detection algorithms, such as faster region-based convolutional
neural network (faster R-CNN; Ren et al., 2015), single-shot
detector (SSD; Liu et al., 2015), you only look once (YOLO;
Redmon et al., 2015), and RetinaNet (Lin et al., 2017), are provid-
ing very accurate results in detection tasks.

In the field of tracking with computer vision and deep learning
techniques, there are two main principal approaches: online track-
ing, which is related to the estimation of the next state based on
the previous state by a direct mathematical analysis, such as ker-
nelized correlation filter (KCF; Henriques et al., 2014), minimum
output sum of squared error (MOSSE; Danelljan et al., 2014), dis-
criminative correlation filter with channel and spatial reliability
(DCF-CSRT; Lukezic et al., 2016), or offline tracking, which is
based on the previous extraction of different patterns about the
objects under tracking to be later used in a new sequence of frames
[Siamese FC networks (Bertinetto et al., 2016), GOTURN (Held
et al., 2016), and Re3 (Gordon et al., 2017)].

Finally, another important research area is related to keypoints
detection and image segmentation. In computer vision several
algorithms for feature extraction and keypoints detection
(Hassaballah et al., 2016) [scale-invariant feature transform
(SIFT), speeded-up robust features (SURF), oriented FAST and

Table 1. Most typical problems with the multimedia content accessibility in TV obtained from the focus groups in EasyTV project

Blind and low
vision people

Current experience
using TV

– Difficulties to access the TV content
– Very difficult to use the remote control without audio feedbacks

Frustrations advices – Not enough audio descriptions
– It would be useful to have audio description on mobile devices (CS)
– Audio description is not useful for all programs (e.g., music programs)
– Teletext is not accessible
– Overlay text in the content is not accessible
– It would be useful to slow the scrolling text and read it to the user
– Possibility of stopping the image to see properly what is on the screen at this moment
– It would be useful to magnify specific portion of the screen for a better recognition

Deaf and hard
of hearing
people

Current experience
using TV

– Low amount of content with associated subtitles (including emergency emissions)
– Low quality of the provided subtitles

Frustrations advices – Regarding the subtitles: not enough subtitles, no contextual information, lack of literality, delays and
synchronization problems, low quality of the linguistic interpretation, small size, etc.

– Regarding sign language captions: incorrect placement or overlapping with on-screen signs, impossibility
of switch on-off the sign language window
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rotate BRIEF (ORB)] in combination with machine learning tech-
niques (for optimization, regression) have been applied. For
image segmentation, algorithms like k-means clustering, mean-
shift clustering, or interactive image segmentation can be used.
Furthermore, deep learning methods are solving these complex
tasks thanks to the availability of wide datasets with annotated
keypoints and masks for image segmentation. OpenPose (Cao
et al., 2016) or DensePose (Güler et al., 2018) are now at the
top of body keypoint detection algorithms, and Mask R-CNN
(He et al., 2017) is able to perform object segmentation.

Face detection problem in image analysis
Face detection is a well-known problem in computer vision. In
this regard, several methods have been already proposed in
order to extract patterns from images and detect faces from
them (Chakraborty and Das, 2014). In general, all these methods
consist of three parts: firstly, an algorithm to inspect parts of the
images (sliding window and region proposal); secondly, the
obtaining of extracted features from these parts (Haar features,
HoG features, and deep learning features); and finally, their clas-
sification whether they are a face or not using machine learning
(support vector machine, adaboost…) or deep learning (artificial
neural networks).

Traditional methods rely on how we can model the features or
the patterns manually trying to find edges, blobs, or other inter-
esting patterns with the aim of defining different features and
classify them. However, recent studies (Wang and Deng, 2018)
show that it is better to delegate those tasks to the computer
and let them learn by themselves. In this context, convolutional
neural networks (CNNs) are changing the concept of feature
extraction in computer vision since they are able to learn during
the training process which parameters are needed to extract com-
plex features that can define different types of objects in a way that
is almost impossible manually.

Deep learning object detectors are the key point for finding
faces in images efficiently (Wang and Deng, 2018) and rely on
the use of GPUs processing and of wide and good annotated data-
sets. However, the object detector selection depends heavily on
the task to be performed in order to achieve high accuracy in
detection with final high Intersection over Union (IoU) and
with less computational cost and processing time. In this field,
faster R-CNN was the first popular object detector based on a
complete deep learning architecture, but its main problem is
related to the high computational and time cost related to the
region proposal network (RPN) and the final classification and
regression branches in the algorithm. Subsequent architectures
that have been defined to deal with these problems have provided
less accuracy results than faster R-CNN but with a low computa-
tional cost and time. These are the cases of SSD which combines
the task of selecting regions of interests (RoIs) in a single
end-to-end architecture and YOLO which is a good option if
requirements related to real-time processing are high.

Backbone for feature extraction (convolutional part in the net-
work) selection in these networks is also important because more
complex networks can extract more complex features using more
computational resources. VGG (Simonyan and Zisserman, 2014)
and ResNet (He et al., 2016) are the most commonly used per-
tained backbones on ImageNet dataset. In order to perform face
detection, only one type of object will be classified so not a very
deep network is necessary to perform feature extraction, thus
restricting the backbone used to just ResNet10 or VGG16.
Another important consideration is to achieve real or near real-

time face detection processing where the use of SSD and YOLO
are the best options for this purpose.

On the basis of this information, and taking into account the
results obtained from the application of the deep learning techniques
for face detection, our approach applies them to define new services
for improving the intelligibility of these image areas, where the infor-
mation of the content can be found. In this regard, along the
Discussion section we present a comparison with other existing fra-
meworks that use the concept of “Tracking by Detection” (Luo et al.,
2014; Fiaz et al., 2018), which applies an unique network for track-
ing and detection at the same time, such as ROLO (recurrent
YOLO) (Ning et al., 2017), Mf-SSD (Broad et al., 2018), and
Detect and Track (D&T) (Feichtenhofer et al., 2017).

Proposed approach

Bringing together the feedback from the focus groups about
which kind of service could be interesting for final users and
the capability of innovative deep learning techniques for visual
information gathering, we propose two main services for enhanc-
ing the accessibility of media content in the TV environment. We
have defined a specific scenario in which users with disabilities
can consume TV content with people without disabilities on
equal basis by using a combination of advance image processing
methods and HbbTV. In this scenario, a TV is connected via
HbbTV to a companion screen in which the user can make use
of these accessibility services. At this stage, it is important to
note that these solutions are defined to be applied to broadband
preprocessed content, considering their application to broadcast
delivered content as a possible future research work, which will
be fully dependent on the existing software and hardware compu-
tational capabilities.

As it was mentioned before, we have followed a user-centric
process for defining our approach. In this regard, the methodol-
ogy applied can be divided into three main stages as follows:

1. Firstly, and as mentioned before, two focus groups were
arranged to collect the users’ requirements. Derived from
them, two main services focused on the image processing
were defined: image magnification and character recognition.

2. Secondly, a complete framework was created to extract image
information from the multimedia broadband delivered content
to feed the two access services. The proposed architecture uses
several artificial intelligence and deep learning techniques
trained with existing datasets together with information from
our media contents to better fit the main information retrieval
techniques:
• Face detection: this part is intended to find the location of
the character’s faces over the video.

• Face tracking: the goal of this component is to achieve a
smoothed tracking over faces for the image magnification
service.

• Face recognition: the main purpose of this module is to detect
and recognize different characters along with the video.

• Face speaking: this part is in charge of estimating which
character is speaking.

For obtaining these modules, different combinations of exist-
ing fine-tuned frameworks were applied to our custom dataset
in order to achieve real or very near real-time processing. Our
framework demonstrated that all these algorithms can work

Artificial Intelligence for Engineering Design, Analysis and Manufacturing 403

https://doi.org/10.1017/S0890060419000350 Published online by Cambridge University Press

https://doi.org/10.1017/S0890060419000350


together and provide better access solutions when retraining these
networks with the targeted new data.

3. With the results of these modules, new access contents have
been generated and included in a real companion screen appli-
cation to provide the magnification and character recognition
services. Iterative testing with end users will be set during
next months to obtain their feedback in order to improve
them for a final version (the tests and their results are out of
the scope of this paper, and they are described as a future
work line).

Video analysis for facial information detection

The modular architecture for the data extraction for face detection
service can be seen in Figure 2, and it can be divided into three
main phases:

• Face detection: this step is in charge of applying specific deep
learning networks in order to find the faces within the different
frames of the video. It includes a scene detector module for
detecting the changes between scenes, which may help the
face tracking along with the video.

• Face tracking: this step is in charge of applying deep tracking
over the detected faces for improving the computational time
related to the detection process.

• Information extraction: this is the final step, and it is in charge
of analyzing different aspects of the faces in order to provide
additional information to deploy the accessibility services. It
includes character recognition, face characterization, and speak-
ing detection.

All the video contents are processed frame-by-frame to extract
information from the whole video. Detection parts are applied at
frame level and tracking parts are applied at frame level, but tak-
ing into account previous and next frames information. After the
extraction of all the involved data, another process cleans the
information using temporal connections between each scene in
the video.

On this basis, the contents are preprocessed, and the obtained
accessibility content is integrated into the final broadband flow in
order to allow the broadcasters to provide the access services to
the end users.

To apply all these techniques, some important hardware
requirements are needed in order to process the information
according to the main ideas presented in this work. All the results
have been obtained using one dedicated server with 64GB of

RAM, Intel core I7 processor of the eighth generation, and one
Nvidia GeForce 1080 Ti GPU.

Face detection

This is the main part of the entire architecture, since if no faces
are detected, no postprocessing can be done to extract related
information from the video under analysis. For this reason, and
in order to enhance the process, a well-known dataset, such as
FDDB (Jain and Learned-Miller, 2010) for face detection, has
been used for training the algorithm.

Additionally, two object detectors have been selected in order to
find an optimal balance between accuracy and computational con-
sumed time. SSD and YOLO have been used as the fastest algo-
rithms to perform object detection. SSD has been trained using
VGG16 and ResNet10 backbones for decreasing the complexity
in the network, achieving a good tradeoff between time and accu-
racy. From YOLO, version 2 has been selected, due to its better per-
formance in comparison with version 1 and a simpler architecture
than in version 3. The results after training are presented in Table 2,
where frames per second (FPS) rate and mean average precision
(mAP) values are collected. Moreover, Figure 3 shows some exam-
ples of the detected faces over different video frames.

The next step is to sample the video for detecting where the
scene change appears. This is an important task for characterizing
each scene with the appropriate information. Moreover, it also
gives essential information about when the tracking algorithm
should stop and start over with a new face detection in the next
scene. Our approach uses an existing framework known as
PySceneDetect (Castellano, 2018) that is able to detect scene
changes in videos and automatically splits the video into separate
clips. This tool offers several detection methods from simple
thresholding to advanced content aware fast-cut detection.

Fig. 2. Main architecture for data extraction. (a) Face detection, (b) face tracking, and (c) information extraction, including face recognition, characterization, and
speaking detection.

Table 2. Results after training for SSD with two different backbones and
YOLOv2 with their original architecture

Networks/metrics
Frames per
second (FPS)

Mean average
precision (%)

SSD300 (input 300 × 300) with
VGG16 backbone

46 74.3

SSD300 (input 300 × 300) with
ResNet10 backbone

39 77.8

YOLOv2 (original
implementation)

57 64.4
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Face tracking

This second step is related to one of the main purposes of the pro-
posed architecture, which is to provide information about where
the faces are located for their magnification. If it was only
based on the face detection algorithm, different important prob-
lems would appear as follows:

– Bounding box size: since it is not fixed for the face detector
along with the scene, the face magnification process will be
noisy due to the fact that the center of this box is the one
selected for performing the magnification.

– Detection loss: face detector is able to detect faces in single
images, but it may present different problems in complex situ-
ations, such as when the face is not pointing directly to the
camera, reducing its accuracy along the scene time. Tracking
over the detected faces solves this problem by maintaining
where the face is located if no detection is achieved.

– Computational time: since deep learning detectors are usually
slower than other solutions such as deep tracking. In fact,
while face detector is about 39 FPS, tracking algorithms are
able to work up to 100 FPS, thus increasing the processing
speed for the entire architecture.

Considering these main issues, our proposed architecture
includes tracking algorithms for speeding up the process by per-
forming face detection only every fixed number of frames or after
a scene change. In this regard, once a face is detected, it is linked
with a tracker from previous frames if possible, if not, a new
tracker is created, avoiding duplicating trackers. Moreover, when
a scene change happens, the previous trackers are deleted.

Four trackers have been tested in order to select the best per-
formance with less computational time. The first two options are
considered as online trackers, which work directly over the frame
sequence by estimating the next state using the previous informa-
tion. In this context, KCF makes the use of an adaptive threshold
approach, which includes a KCF method and a Kalman filter
algorithm to make tracking faster and more accurate. CSRT
tracker takes the advantage of DCFs and provides a novel learning

algorithm for its efficient and seamless integration in the filter
update and the tracking process.

With the aim of comparing the performance and results of
these two trackers, two more offline trackers have been tested.
The first is known as GOTURN tracker and is the first deep learn-
ing tracker using CNNs that showed accurate results with a huge
variety of objects. The last algorithm tested is known as Re3, a
real-time deep object tracker capable of incorporating temporal
information into its model and one of the fasters tracking algo-
rithm for single tracking.

Our experiments use pretrained models created with GOTURN
and Re3 regression networks, which use annotated motion datasets
that contain many objects, including faces for training, as there are
not specific datasets for tracking faces. Our own dataset has been
annotated using the face detection information between consecu-
tive frames. A dataset with 1000 pairs of faces have been used to
retrain the models to better fit in the face tracking task. For the
case of KCF and CSRT, and as they are online trackers, there is
no need for additional data. In another aspect, several sequences
have been annotated in our own videos to test the accuracy in
the trajectories obtained with all the algorithms. A total of 100
video sequences from different contents have been used to perform
the tests. Table 3 presents some metrics to evaluate the perfor-
mance of these algorithms, considering that mean pixel error
have been obtained using the Euclidean distance between the anno-
tated bounding box center and the estimated bounding box center
given by the tracking algorithms.

According to the information in Table 3, the CSRT algorithm
provides the best results in terms of accuracy, due to its efficiency
with slow-motion objects and with occlusions problems, but it is
slower compared to others algorithms, thus losing the real-time
processing capabilities. On the other hand, GOTURN tends to
cover a wide area around the face after some frames, which results
in a lower accuracy and a smoothing tracking results provision.
Re3 gives high accuracy in the trajectories with the best processing
time if only one face is detected in the image, but it linearly
increases with the number of detected faces. Nevertheless, the per-
formance of these two algorithms can be improved by training
both with specific faces dataset. Finally, KCF presents high accu-
racy and the processing time increases slowly with the number of

Table 3. Mean pixel error and processing time depend on the number of trackers at the same time

Mean pixel error (pixels) Processing time (1 tracker) (ms) Processing time (2 trackers) (ms) Processing time (≥4 trackers) (ms)

KCF 18 12 13 16

CSRT 16 40 49 61

GOTURN 35 27 28 30

Re3 23 8 14 25

Fig. 3. Example of detected faces in the video.
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trackers, but its main problem is the high probability to fail in the
presence of important occlusions that hide a wide area of the
tracked face.

Figure 4 shows some examples of failure with each algorithm.
The left image represents a situation with slow motion, where all
algorithms work well but GOTURN bounding box is bigger than
the others. The center image presents one frame after a fast move-
ment of the face along some frames, where KCF and Re3 trackers
have been displaced and now are not centered in the face, while
CSRT and GOTURN maintain the bounding box centered.
Finally, the right image presents the situation before and after
occlusion. Re3 tracker bounding box has suffered a little displace-
ment but KCF confidence decreases dramatically, losing the
tracker and waiting for new face detections to start again.

According to these results, KCF has been selected to be
included in our approach due to the obtained accuracy, processing
time, and performance. Considering that if the tracker is lost, a
new face detection is needed, this is a good solution for solving
occlusions in the video.

Figure 5 shows an example of the comparison of the results
obtained by using face detection versus face detection plus track-
ing. The curves present (x,y) coordinates of the center of the
detected face of both approaches, where the first one gets the
coordinates of the detected face frame-to-frame, while the second
one starts with a face detection in the first frame of a scene, fol-
lowed by face tracking. When using face detector, some faces are
lost for some frames during a scene. This makes that the faces will

be continuously reduced and magnified, giving a bad experience
to the user. Regarding the face detection plus tracking algorithm,
two important results can be observed: Firstly, if the face is not
detected by the face detector, tracking algorithm is able to con-
tinue detecting it. Secondly, the tracking curve is smoother than
in the first solution. These two facts make the algorithm filter bet-
ter the trajectory avoiding very noisy transitions.

Information extraction

Face recognition and characterization
In order to provide more information about what happens in a
scene, the proposed architecture includes a module that is able
to perform information extraction that includes face recognition
and characterization.

The input for this module is the cropped face from the pre-
vious estimations after tracking algorithm, and it uses a CNN
trained for classification tasks over the faces. The output is the
same that the labels in the applied network, which are the
names of the main characters and one more label identified as
“unknown” for others. Considering this, when one of the main
characters is recognized, the presentation module will display
his related information. In contrast, if some other faces are
detected and labeled by the network as “unknown”, these
faces pass along another branch of the network in order to esti-
mate the age and gender to collect a general information for
each scene.

Fig. 4. Failure examples during tracking with tested algorithms. GOTURN (red), CSRT (yellow), KCF (blue), and Re3 (magenta). Slow motion (left), fast motion (cen-
ter), and occlusion (right).

Fig. 5. Performance comparison between the face detector applied in all frames and the tracking over the first detected face.

406 Silvia Uribe et al.

https://doi.org/10.1017/S0890060419000350 Published online by Cambridge University Press

https://doi.org/10.1017/S0890060419000350


To train this network, a set of different faces of the same per-
son in different situations have been collected and annotated. In
this regard, our dataset includes more than 60,000 images for
training (divided into 17 different classes) and 15,000 for testing.
Figure 6 presents an example of some of the main characters
together with a set of different images of only two of them.

For train the second branch of the network, which is in charge
of providing specific information, such as the age and the genre of
the detected face, some existing datasets were collected and mixed
for improving the results. Particularly, the datasets used were
UTKFace (Zhang Zhifei and Qi, 2017) (more than 20,000 images
labeled with age, gender, and race), APPA-Real (Agustsson et al.,
2017) (7591 images with several labels per image with the appar-
ent age voted by 38 persons), and IMDb-Faces (Rothe et al., 2018)
(more than 460,000 images of famous people annotated with age
and gender).

The network architecture is divided into two branches, where
the second branch is activated only when a detected face is not the
main character, as shown in Figure 7. To compose face recogni-
tion network, different backbones have been tested with a classi-
fication network, which contains two neurons layers of 1024
neurons each, and a final SoftMax activation to get the final pre-
diction. The input has been resized to a fixed size of 224 × 224.

The second network used for face characterization uses the
WideResNet network (Zagoruyko and Komodakis, 2016) as back-
bone, due to its power to work with a huge number of classes and
its capacity to reduce computational cost when training with big
datasets. It uses the same concept as the ResNet architectures but
improving the training speeds to get similar results on complex
datasets with much more classes. This network has been trained
with 100 classes (0–99 years) and two more classes for gender

estimation (male and female). The classification network has
been developed to concatenate directly the age and gender predic-
tions in order to get just one output instead of creating two sepa-
rate classification networks for each task.

Table 4 shows the results retrieved after training the network
for face recognition using different backbones and the results
achieved after training the face characterization network. The
selected backbone for face recognition network was VGG16.
Analyzing the final values, it is possible to extract some valuable
information about the behavior of each network. VGG16 reaches
high accuracy in both training and validation sets. This network is
less complex than other tested networks, and there was no
overfitting problem during the training process. VGG19 starts
to present overfitting. This information can be extracted directly
by the validation precision achieved. This network is more com-
plex, does not generalize right all the classes and also performs
worst at validation time. MobileNet (Howard et al., 2017) is a
less complex architecture that works well but does not achieve
the accuracy presented by the previous ones. ResNet50 is the
clear example of very deep network that overfits quite quickly
and performs poorly at validation time over this dataset which
is not very complex.

After training and validating the algorithm in the presented
datasets, some real tests have been performed over the custom
content with known characters’ age and gender. The mean devia-
tion obtained in these tests is 3.47 years for the age, while the gen-
der classification shows an accuracy of 97%.

According to the obtained results, face characterization net-
work achieves a very high accuracy in both training and valida-
tion, thus confirming that WideResNet was a good selection for
this problem.

Fig. 7. Architecture for face recognition and characterization network.

Fig. 6. Examples of the main characters (top) and some images in our dataset for some of them (bottom).
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Face speaking detection
Detecting which character is speaking in a scene is an important
information and could make the difference for users with visual
disabilities. The knowledge of who is speaking, for someone
who is just listening to the media content, could make him to bet-
ter understand the scene. This knowledge is also very useful in
order to magnify the face of the speaking character. Once the
faces in the scene have been detected, the next step is to know
who is speaking automatically. In our approach, this process is
done by making use of image analysis, focusing on detecting
the mouth and its movements using facial landmarks.

Landmark detection in faces is a well-known problem. Before
deep learning algorithms started to solve these problems offering
an increase on accuracy, landmark detection was performed by
using a combination of traditional computer vision techniques
to extract facial features with some optimization or machine
learning algorithms to learn where the points should be located
(Monzo et al., 2010; Liu et al., 2011).

The availability of several huge datasets containing the location
of these points in faces provides the necessary data to use deep
learning in order to obtain high accuracy predictions. The dataset
used in this work is known as 300 Faces In-The-Wild Challenge
(Sagonas et al., 2016). It contains re-annotated landmark points
(68 in total) in several available datasets, such as LFPW
(Belhumeur et al., 2013), AFW (Zhu and Ramanan, 2012),
HELEN (Le et al., 2012), and XM2VTS (Messer et al., 1999),
using their own annotation tool.

The network used is MobileNet, where traditional convolutions
have been replaced with depthwise convolutions (Howard et al.,
2017). This greatly reduces the number of parameters that are
required while still keeping efficiency and not destroying cross-
channel features. This is a good starting point to work in landmark
detection task due to that our labels are the pixel coordinates of each
point, then not very complex feature information is needed from the
convolutional layers. The top part of the network was replaced with
a neural layer with 136 neurons (total of coordinates for the 68
points) and trained minimizing the Smooth L1 loss in order to mini-
mize the distance between the estimated points and the real ones.

Our approach determines when a character is speaking by track-
ing the changes of the mouth in a face between frames. When a
mouth is making fast movements in a succession of frames on a
scene, we make the assumption that this face is speaking. As the
faces are already been tracked, we can assure if a mouth is the
same in two consecutive frames. To detect changes in a mouth,

we check the landmark detection points of the mouth. We use
the normalized distance between two key points from the mouth
in a frame, and compare it with the same key point from the
same mouth in the previous frame. We have considered seven dis-
tances that interpret the position of the mouth, as shown in Figure 8.

We have defined the difference between two mouths in two
consecutive frames Di,j as the sum of the absolute values of the
differences between the distances where j = i− 1 for all i >0.

Di, j =
∑7

k=1

|di, k − d j, k|∀i . 0

Knowing the difference of mouths between pairs of consecu-
tive frames of a full scene can give an idea of the behavior of a
mouth during that scene. We made an experiment with a video
where some characters appear on the scene and are speaking
between them. Figure 9 shows the difference between two mouths
DAn,(n−1) and DBn,(n−1) along the frames of the video, where A is
the character A, B is the character B, and n is the frame number.
The line in red shows the difference of the mouth of the character
A, the blue line shows the difference between the mouth of the
character B, and the green lines indicate the median of the values
of each character during 75 frames. It can be observed that when
the character is speaking the green line is higher than when he is
not. In the first approach, we selected the highest median of a not
speaking mouth as the threshold to determine if a character is
speaking. After 10 experiments with different scenes, we adjusted
the threshold by using the average of all the thresholds retrieved
to 0.01335. We assumed that medians below the threshold will
be considered not speaking faces and medians above will be con-
sidered speaking faces. The average threshold used in 10 different
videos detected 8245 correct frames from a total of 9075, achiev-
ing an accuracy of 90.85%.

New access services for the HbbTV environment based on
the image analysis

Once the different algorithms for image processing have been
described, the next step is to define the specific accessibility ser-
vices that will be provided to the user in order to improve the con-
tent accessibility. Next sections are in charge of presenting them.

Modular system architecture

The modular architecture of the proposed services can be split
into two different sides, as shown in Figure 10, according to a
client-server model:

– The server side contains the image analysis algorithms descri-
bed in the section “Video analysis for facial information detec-
tion” to preprocess the media files and to provide the
accessibility information in the form of a JSON file that con-
tains the information retrieved from the image analysis for
face detection and character recognition. This file is directly
sent to the client application, which is in charge of interpreting
it for showing the additional information to final users in an
accessible way through a CS app.

– In the client side, the final user app in the CS allows playing
different video and other contents such as the developed acces-
sibility tools presented in this paper: face detection and charac-
ter recognition. As in the HbbTV environment, this CS will be
synchronized with the TV hybrid terminal.

Table 4. Training, validation, and prediction time results for tested backbones
on face recognition network and results for face characterization network

Backbone/
train-test precision

Train
precision
(%)

Validation
precision
(%)

Prediction
time (ms)

VGG16
(Recognition)

95.2 92 2

VGG19
(Recognition)

97.5 88 3

MobileNet
(Recognition)

89.1 88.2 2

ResNet50
(Recognition)

98.2 56.3 4

WideResNet
(Characterization)

86.3 80.4 7
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The structure of the output from the image analysis module is
shown in Figure 11. As can be seen, this JSON is composed by an
array of frame objects that contains an array of face objects of each
particular frame with the information retrieved and processed of
the video, including the information of the character that has been
recognized: name, age, and sex. It also includes the information
about the position of the face [(x,y) coordinates of the center of
the face and the weight and height of the area]. Finally, it also
contains a Boolean variable that determines if the person
(detected by the face) is speaking or not.

Access services in the CS app

Face magnification service
This tool is aimed to allow the end user to better access specific
areas of the content such as faces for improving the intelligibility
on the video. This tool can be directly activated from the specific
menu in the CS app, as can be seen in Figure 12. When the option

“face magnification” is enabled, the app will automatically zoom in
and out the video in real time, using the (x,y) coordinates in the
JSON to focus the face and the height and width to adjust the
zoom scale. The app will zoom it either the character is speaking
or not. If two or more faces are detected, the app will zoom the
character that is speaking, while if no one is speaking or more
than one is speaking the app will zoom out to show all faces.

Character recognition
This tool is aimed to allow the user to know which characters are
on the scene at a specific moment. The function is activated by
pressing a button on the app’s player controls as indicated in
Figure 13. When the button is pressed the video is set to pause,
then a box is shown with the characters’ information: picture,
age, and sex, and the person who is talking. If needed, the age
can be presented as a number or as a defined age interval such
as children, young, adult, and elderly. At the same time, and in
order to provide a complete access service, a text to speech service

Fig. 8. Landmark detection and key points pairs difference.
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can be applied to read this information out loud. When the locu-
tion ends the video is resumed. To retrieve the information, the
app gets the data of the paused frame from the JSON file provided
by the image analysis module on the server side.

Discussion

Regarding the main purpose of this study, throughout this paper we
have presented two innovative accessibility services for audio-visual

content in the HbbTV environment based on the application of dif-
ferent deep learning techniques for visual information extraction.

As it has been explained, our approach is initially composed of
two different visual analysis modules, one for object detection
and another for tracking, allowing an easier control over the
entire process. This has been previously proposed in the
tracking-by-detection paradigm (Luo et al., 2014; Fiaz et al.,
2018), where the first step, as in our case, is to detect all objects
using an object detector in each frame, and then associate them

Fig. 9. Mouth landmark points difference along consecutive frames of two characters.

Fig. 10. Modular system architecture for new accessibility services.
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between frames by using different features such as location and
appearance. According to this idea, it is clear that the perfor-
mance of tracking-by-detection models is heavily dependent on
the accuracy of the detection model, so the selection of a good
detector was vital for our approach. The application of SSD
with ResNet Backbone at this step has provided a good tradeoff
between time and accuracy, allowing a reduced frame-rate even

in real-time scenarios. Related to this, it is important to mention
that recent studies (Feichtenhofer et al., 2017; Ning et al., 2017;
Broad et al., 2018; Fiaz et al., 2018) are working in the merge
of both analyses into one single process, but some problems
keep appearing related to complexity and time processing.

At this point, and in order to evaluate our architecture, other
solutions from the state of the art are going to be presented. As

Fig. 12. Automated face magnification service in the CS app.

Fig. 11. Structure of the JSON file generated for face
analysis service.
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the environment evolves, new deep learning solutions have gained
the attention within tracking-by-detection paradigm, considering
architectures that combines the power of CNN object detectors and
the ability of RNN to predict future states in time. Some new
approaches, such as ROLO (recurrent YOLO) (Ning et al., 2017),
Mf-SSD (Broad et al., 2018), and D&T (Feichtenhofer et al.,
2017), are very interesting ideas to compare with our scheme.

In ROLO’s paper, authors present an interesting graph that
contains how the processing speed is reduced after each algorithm
iteration. In this regard, after 10 iterations the computation time is
reduced to near 30 ms per frame (30 FPS) but accuracy also
decreases over time steps (0.4–0.45 mAP).

In the case of Mf-SSD, two main ideas have been considered.
On the one hand, the inclusion of an RNN (similarly to ROLO) or
even replacing it with a multi-fusion stage for improving the final
mAP accuracy (0.75–0.81 mAP). Results show that computational
time per frame is around 20–70 ms (50–14 FPS, respectively), and
it directly depends on the use of fusion techniques or the RNN. In
this case, while the accuracy is reduced, the processing time
increases, so it is not an optimal solution for real-time applications.

Finally, D&T is one of the latest architectures that use this
approach in order to track objects maintaining a very high accu-
racy (0.76–0.83 mAP), but the main related problem is the com-
putational cost which is between 127 and 141 ms per frame (7
FPS) on NVIDIA Titan X GPU. This architecture is not intended
for real time or very long video sequences.

Coming back to our approach, the training process is also vital
for obtaining a good performance, so a completely annotated face
tracking dataset is needed to learn not only to detect faces but also
to track them. The availability of these datasets is not huge in
comparison with tracking datasets for objects, but one of the
main examples to mention is YouTube faces (Wolf et al., 2011).
In our case, our architecture avoids this problem by training
object detector separately by using annotated faces and then train-
ing (if needed) the tracking algorithm in common objects, given
that the starting bounding boxes are given by the object detector.

It is important to say that tracking algorithms are achieving
very high computation speed as shown in Table 3, as well as
decreasing the total time consumed even when at the same time
the faces are being detected in every frame. Furthermore, our
work preserves the accuracy level when there are no occlusions
or complex fast behaviors during scenes. As it takes more compu-
tational time, the object extraction is done only once every fixed
number of frames while the tracking algorithm keeps making pre-
dictions all the time, obtaining a faster solution in our approach
than the ones explained above.

On this basis, our approach is able to work in real time during
the preprocessing step in order to extract the final information
used by the new access services. In comparison, the other dis-
carded algorithms need more computational resources to get a
similar behavior. This resource optimization is very valuable
when processing several media contents continuously with the
aim of providing the new access service as soon as possible.
Moreover, after the retraining of these models with our contents,
their accuracy has improved to 2%.

Finally, these new access services give broadcaster and end
users with additional valuable functionalities: broadcasters may
save annotation resources by the automatication of the task and
both visual and hear impaired users may get new access informa-
tion and tools for a better understanding of the existing multime-
dia content.

Conclusions and next steps

As it has been explained, although there is a lack of accessibility in
the television environment, new scenarios, such as HbbTV, pro-
vide important capabilities for breaking this barrier, enhancing
the user experience. Moreover, the application of deep learning
techniques over video content for information extraction allows
the definition and deployment of innovative services that may
help the access to media content for all.

According to these ideas, in this paper we proposed two main
services based on image analysis for helping the access to content
for blind and visually impaired people, according to some of the
suggestions given by real users (information obtained from the
EasyTV focus groups, as explained in the section “Lack of
media content accessibility in TV consumption”). In this regard,
it is important to note that the deep learning techniques that have
been selected already exist in the state of the art, but their combi-
nation for obtaining these innovative access services is a complete
original work.

The implementation of these services is based on a three-step
image analysis work flow, which provides good results in terms of
accuracy and computational cost as explained in the Discussion
section. Firstly, a face detection phase based on an SSD object
detector is applied, followed by a face tracking step based on
KCF tracker. Finally, the information extraction is done thanks
to different algorithms according to the pursued objective: char-
acter recognition, face characterization, and face speaking detec-
tion. The output from this analysis module is finally used for
accessibility service composition, as explained in the section
“New access services for the HbbTV environment based on the

Fig. 13. Automated character recognition service in the CS app.
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image analysis”, providing a new way for automated content con-
textualization by means of additional information.

According to the obtained results we can assure that deep
learning techniques can be used to generate accessible content
automatically. On this basis, hybrid TV, and in particular
HbbTV, together with a thorough definition of innovative services
where the accessible content can provide competitive strengths
will help the enhancement of the access to media content for all.

Nevertheless, some future work lines can be defined. First of
all, there is margin to improve in the detection of which faces
are speaking on a scene. At this moment, this decision is done
by calculating a median and using a threshold, but the use of
deep learning algorithms over a specific dataset with mouth
movements could improve the results. Even more, this dataset
could be also tagged to categorize the mouth movements, such
as speaking, singing, screaming, and eating, in order to apply
deep learning algorithms for additional behaviors detection. On
the other hand, an additional future line is related to the combi-
nation of the image analysis for character recognition with the
audio processing of the voices in the content to get more accurate
results. Finally, the evaluation with final users is planned in order
to obtain their feedback regarding the proposed services and allow
their improvement.
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