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Abstract In certain platforms, such as Google Docs, documents are adapted for spe-
cific mobile device types, and the installation of their applications is required. Al-
though the documents can be accessed via Web browsers, their correctness is not
guaranteed. In content selection, the document is adapted into various versions, from
which the optimal one, based on a quality of experience (QoE) criterion, is delivered.
Existing works evaluate the QoE of each content version using the user’s prefer-
ences and context parameters, such as device resolution and network bitrate. They ask
the user to weight the context parameters, and then combine them using the simple-
additive-weighting (SAW) method. However, not all users are familiar with the con-
text parameters, and cannot understand their relationship with the requested content.
Besides, not all parameters are compensatory to be summed up. In this paper, we pro-
pose a TOPSIS-based QoE model to address the two aforementioned drawbacks. We
use the context parameters to define high-level functions understandable by all users,
and combine them using the TOPSIS method. Experimental results show the conve-
nience of our QoE model and its reliability over the SAW-based method, as well as
the weighting-product (WP) method, which is used as an alternative to the SAW one.
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1 Introduction

In certain platforms, such as Google Docs [10], slide documents (e.g., PowerPoint)
are shared between users that are often connected with different types of terminals
(laptop, smart phone, tablet, etc.). Platforms such as Google Docs [10] and Zoho
Show [46] convert uploaded documents into their proprietary formats and wrap them
in Web pages that can be rendered by Web browsers [9]. For users connected via mo-
bile devices, the content is however adapted only for specific mobile terminals, and
the installation of appropriate applications is required [11,45]. Slides are originally
created for standard desktop computers, featuring large screens and resolutions, and
having sufficient memory to store the slides and powerful CPU capabilities to process
and visualize them. To reach a wide variety of mobile devices, the slide documents
must be adapted to mobile device constraints (low resolution, small screen size, low
memory) to be accepted. One solution consists in adapting the content (e.g., slide)
into several versions, and at delivery time, selecting the best one, according to a qual-
ity criterion. Since Web browsers are installed on most mobile devices, the slides are
adapted into Web-based documents, to be able to reach a wide range of users and
ensure synchronization between the presenter and mobile participants, particularly in
conference meetings [2] and mobile learning situations [35]. Moreover, as mobile de-
vices use different communication networks, having different characteristics (bitrate
and latency), the delivery time for a slide may vary from one network to another. Usu-
ally, the network characteristics are used in selecting the optimal adapted slide from
those accepted by the target mobile device. The user preferences are also considered
in this process to ensure delivery of the adapted slide that matches the user’s needs
(e.g., fast delivery, better visual aspect). For instance, a mobile device with a higher
screen resolution, and connected to a higher network bitrate, is capable of receiving
a rich slide with higher resolution without affecting the end-user waiting time.

Fig. 1 shows a generic content selection architecture for mobile conference meet-
ings. Before the meeting, the slides are uploaded, from which a set of adapted ver-
sions are created and stored on a server. During the meeting, when a slide is to be
presented and shared between participants, an optimal content selector module eval-
uates the adapted versions and selects the optimal one. To that end, a QoE metric is
needed to quantify the quality of each adapted content version.

Research involving content adaptation for mobile devices has led to the notion of
context (memory, bitrate, screen resolution, etc.), and to the concept of context-aware
quality of service, also called QoS awareness or quality of experience (QoE) [23,24,
41,43,42,44,14,27]. This concept has led to the development of metrics to evaluate
the quality of the adapted content targeted by mobile devices. In general, different
factors should be taken into account when designing a QoE metric; these include
content (or service), the end-user (who pays for the service, who uses the service),
the service provider, service cost, etc.

QoE models proposed in the literature deal directly with context parameters, such
as network bitrate and latency. They model the behavior of the context parameters,
weight them using values supplied by the end-user, and sum the weighted values to
quantify the quality of adapted content or services.
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Fig. 1: Generic architecture of a content selection system for mobile conference meet-
ings. The dashed lines represent the operations performed before the meeting, and the
solid ones indicate those performed during the meeting.

However, these techniques are not always understandable by all users. Even those
who are familiar with these terms, can still not see the relationship between the terms
and the quality of the content they request. More importantly, they use the additive
technique, which consists in summing the qualities associated with the context pa-
rameters, to evaluate the adapted content quality. This evaluation method is not really
accurate, but is in fact misleading, as is detailed in section 3.

In this paper, we propose a user-friendly and reliable QoE model. Instead of di-
rectly using the context parameters, which we qualify as low-level parameters, the
proposed QoE model hides them from the end-user and exposes high-level quality
functions that are understandable by all users. Regarding the combination of these
quality functions to compute the QoE of each content, we propose the use of well-
known scoring method, called TOPSIS [40]. Experimental results show the appli-
cability of the proposed QoE model as well as its effectiveness compared to those
proposed in the literature. Our main contributions can be summarized as follows:

— Proposal of a user-friendly QoE model that hides the context parameters from the
end-user and exposes high-level quality functions, namely, the visual quality and
delivery time. The model is extensible, and other quality functions, such as the
battery life, can be considered.

— Proposal of a reliable QoE model based on the TOPSIS method, which is more
accurate and well informed than the SAW and WP, which combine the parameters
arbitrarily.

The reminder of the paper is organized as follows: In section 2, a mathematical
formulation of the problem of optimal adapted content selection is presented. Sec-
tion 3 reviews previous work related to quality and user preference evaluation in the
context of content adaptation. In section 4, we present our proposed QoE model. Sec-
tions 5 and 6 present the experimental setup and results. In section 7, we evaluate the
complexity and limitations of the proposed QoE model. Lastly, section 8 concludes
the paper.
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2 Problem statement

Not all mobile devices come with the appropriate applications, such as MS-PowerPoint
or OpenOffice-Impress, for reading and visualizing the slides. Even when these appli-
cations are available on mobile devices, they cannot ensure synchronization between
the presenter and meeting participants. Therefore, it is preferable to convert slides
into Web pages capable of being rendered by mobile Web browsers, which are al-
ready installed on mobile devices, and can ensure synchronization. In this section,
we mathematically formulate the problem of selecting an optimal adapted content
version from a set of previously created content.

Let ¢y, be a presentation slide and ¢, its adapted Web page version created using
a transcoding parameter combination vector ¢. In this paper, we consider changing
the resolution of the slide, its visual quality, and its format. As a target format, we
consider two widely used formats [4]: JPEG, which is a raster format, and XHTML,
which is text-based. The first one is very popular on the Internet and supported by
nearly all mobile Web browsers, while the second one is the basic format that is
understandable by all mobile Web browsers. With these two formats, it is possible to
reach a wide variety of mobile devices. Thus, we have:

t=(f2QF) (D

where f € {JPEG,XHTML}, z €]0, 1], and QF €]0, 100] are the target format into
which the slide is adapted, the scaling parameter used to change the resolution of the
slide, and the quality factor that determines the visual quality of the adapted slide,
respectively. When f = JPEG, each slide is converted into a JPEG image using z
and QF and wrapped in a Web page skeleton. When f = XHTML, the components
(image and text) of the slide are converted separately and wrapped in a Web page
skeleton. In this case, text elements are down-sized in resolution using z, and images
are adapted using z and Q F'. As a result, we have, for each content c, a set of adapted
contents {c% }, from which we want to identify the optimal version (denoted cf) that
can be accepted by the target mobile device D and provides the mobile user with
the best quality possible. First, we evaluate the set of adapted contents that can be
accepted by D, and then identify the optimal one.

Let Wy, = {ct } be the set of all the adapted versions of cj. From Wy, the subset
of adapted contents that can be accepted by D are those satisfying its constraints. It
is given by:

WP ={c | S(c}) < S(D) and W(c}) < W(D) and

t 2
H(c,) < H(D) and f € F(D)}

where S(ct), W(ct) and H(ct) are the data size, width and height of the adapted
content c%, respectively. Similarly, S(D), W (D), H(D) and F(D) represent the
maximum accepted file size, maximum resolution width and height, and set of sup-
ported formats, respectively.

The optimal adapted content version is given by:

¢ = argmax Q, (¢4, D) (3)
ctewp
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where @, is a QoE measure that evaluates the quality of experience, which represents
the core of our proposed QoE model presented in section 4. Before delving into the
details of our proposed QoE model, we first review background concepts and discuss
important related work.

3 Background and related work

Mobile devices are very diversified, with many different features, such as resolution,
memory and screen size. The communication networks (GPRS, LTE, etc.) are diver-
sified as well, and have different bitrate and latency values. To deliver content, such
as Web pages or enterprise documents, to these mobile devices, the content must be
adapted to satisfy the target mobile device characteristics and network conditions,
and provide the mobile user with the best adapted content possible. Some proposed
solutions [27] consider only the communication network and ignore the visual aspect
of the adapted content. With such solutions, there is no garantee that the delivered
content will be appreciated by the end-user. Other proposed solutions [16,18,12],
however, focus only on the appearance and rendering of the content on the mobile
device, and ignore the communication network conditions. Similarly, such solutions
do not guarantee the delivery of the content, and if the content is delivered, it may
not be consumed by the target mobile device or may provide a poor end-user experi-
ence. Therefore, the mobile device characteristics, including the network conditions,
should be used in adapting content. To that end, the device can first be identified
from the header of the protocol used by the request (e.g., HTTP UA-header) [38],
and then its capabilities are extracted from a local capability database. Alternatively,
the standard User Agent Profile (UAProf) can be used [29]. The terminals UAProf
description may provide URLs where the capabilities can be retrieved on the Web,
or may explicitly provide them [7]. The information collected, which represents the
context parameters, is used in computing the best (ideally optimal) adapted content
version. The context parameters are first classified into two sets, as follows [41,43,
42,44]:

— Constraint parameters: This set contains the parameters that should be respected
by the adapted content, in order to ensure that it is accepted by the mobile de-
vice. For example, the file size of the adapted content is considered a constraint,
and should not exceed the mobile device’s memory size that is reserved for this
purpose.

— Quality parameters: In this set, we find the parameters that affect the quality
of the adapted content. For instance, the higher the color depth of the adapted
content, the greater its quality, up to a point of saturation, after which no quality
improvement can be perceived.

This classification is very interesting, however, it is not shared by all researchers, and
some parameters are perceived differently in different research works, as we explain
in the subsection 3.1. We show how the constraint and quality parameters can be used
to evaluate the accepted adapted contents and their qualities.
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3.1 Evaluation of the accepted adapted contents

Research [24,41] has shown that first-order logic inference can be used to identify
the adapted content set supported by a mobile device. With this method, the charac-
teristics of each adapted content are compared with the features of the target mobile
device. For instance, at the very least, for adapted content to be accepted by a mo-
bile device, its file size should not exceed the mobile device memory. For an adapted
content version ¢ and a target mobile device D, this constraint can be formulated as
follows:

if (S(ck) < S(D)) return 1 else return 0 “)

where S(ci) and S(D) are the file size of ¢ and memory size of D, respectively.
Some researchers [41] consider the bandwidth and network latency as quality pa-
rameters (not constraints). To the authors of [24], however, they are constraints, and
can be compared with a threshold representing the transmission time tolerated by the
end-user.

3.2 Evaluation of the adapted content quality

As discussed above, the quality of the adapted content is affected by various quality
parameters. Since the quality parameter values are not necessarily within the same
range and do not use the same system of units, most research studies propose to
normalize them before evaluation. The normalization process for each parameter is
achieved by plotting a curve representing its behavior, with the values on the curve
being confined between 0 and 1. The quality of the adapted content is often expressed
as a sum of the normalized quality functions [24,41].

Richards et al. [31] have proposed to model the behavior of the quality parameters
by means of a family of logarithmic curves. They believe that all the quality param-
eters can be modeled by logarithmic curves by changing their sensitivity. This belief
is not shared within the whole scientific community and other researchers proposed
other techniques and curves, such as using a second order curve [24]. In these curves,
a minimum point (M) and an ideal point (I) are defined as boundaries. The values
that are lower than M are the unsatisfactory ones, and those that are higher than [
provide no improvement in user satisfaction. The values between M and I represent
increased improvement in perceived satisfaction. After the behavior of each qual-
ity parameter is modeled, its value is mapped to its corresponding logarithmic curve,
and a normalized value between 0 and 1 is generated. According to the authors of this
method, this formula is not unique, and there is no theoretical or empirical support
for the use of either this formula or parameter behavior modeling.

Lum et al. [24] propose to model the behavior of each quality parameter using
linear or second-order curves. The current value of the quality parameter is mapped to
its corresponding curve to produce a normalized value between 0 and 1. For instance,
to normalize the color depth behavior, they propose to use the following second-order
function:

qu=a-qs>+b-qs+c 5)
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where ¢s is the quality parameter and gv its normalized value.

The authors of this method believe that it is possible to model the majority of the
quality parameters, if not all, using linear or second order curves. Once again, there
is no theoretical or empirical work supporting their claim.

After the quality parameters are modeled, the normalized values are then weighted
by values supplied by the end-user (user preferences). The sum of the weighted values
represents the score of that adapted content. However, the idea of directly weighting
the quality parameters and summing them to evaluate the adapted content quality is
not really an accurate strategy, for at least two reasons:

1. First, not all end-users are able to know the context parameters, especially those
of the network (e.g., bandwidth and network latency). Even if this information is
known, users may not understand the relationship between these parameters and
the quality of the content they requested (e.g., the impact of the bit rate on the
battery life). An interesting approach would be to give the end-user a mechanism
for expressing his preferences with respect to information that is meaningful to
him. For example, the system should ask the user what kind of content he prefers:
one providing good visual quality, that can be delivered rapidly, or content that
does not rapidly drain the battery. We would describe such a mechanism as being
at a high-level of abstraction, in that it deals with information that can be handled
by the end-user.

2. Secondly, the scores are weighted and the weights are summed. Some parame-
ters should not be combined in this way because they are not compensatory. For
instance, if the bandwidth is close to zero, the adapted content should simply not
be delivered. However, in this case, if the values of the other context parameters
are high, that of the bandwidth will be compensated, and so the quality score will
be high, which is misleading. In fact, this method, called SAW (Simple Additive
Weighting), is one of a set of scoring methods used in the resolution of MADM
(Multiple Attribute Decision Making) problems [15]. It can be used in a context
where the parameters (attributes) satisfy the so-called compensatory property [20,
8], that is, the loss or gain in one attribute can compensate for a loss or gain in the
others. However, this property is not always shared. For instance, it is not shared
in terms of color depth and bandwidth, and so compensation is not possible in this
case. For MADM problems, such attributes are said to be not comparable [15].

3.3 User preferences evaluation

User preferences are usually considered in the content adaptation process [13,24,41,
43]. They tell the system what the importance of each quality parameter is in the
user’s perception. They affect the adapted content quality by assigning more or less
importance to the quality parameters, which affect the final selection of the optimal
adapted content. Most existing research works weight the quality parameters, such
as mobile terminal resolution and the network bandwidth and latency, directly. To
that end, some researchers use ranking techniques [24], while others use linguistic

CLINT3

terms [41], such as “unimportant”, “important”, and “very important”.



8 Short form of author list

However, as explained earlier, not all users understand the context parameters or
are able to weight them directly. We qualify this kind of evaluation as a low level eval-
uation. It is more appropriate to allow the user to express his preferences by means
of terms that have real meaning to him, such as: best visual quality, fast content, and
least energy consuming content. A similar, but limited solution was proposed by Han
et al. [13] to model the user preferences. This solution uses a slide bar that can be
adjusted by the end-user to express his preferences regarding the download speed of
an adapted image. The boundaries of this slide bar are: slower download (less dis-
tillation and higher quality) and fast download (more distillation and lower quality).
However, although limited to the download speed, the solution could be generalized
to express the QoE by also taking into account the visual aspect.

4 Proposed QoE model

Conversely to QoE models proposed in the literature, we propose a reliable and user-
friendly QoE model. First, using the quality parameters, we define high-level quality
functions that are understandable by all users. Then, we hide the quality parameters
and expose these quality functions to the end-users and ask them to express their
preferences regarding these functions. This makes our proposed QoE model user-
friendly as the end-users do not need to deal with the quality parameters directly.
Secondly, instead of using the SAW method, which is used in the literature to combine
quality parameters, we propose to use the TOPSIS method to combine those high-
level quality functions. This method renders the proposed QoE model more reliable
as compared to those already proposed (see section 6). Although, the TOPSIS method
was developed long time ago, to the best of our knowledge, this is the first paper
pointing out the weaknesses of the SAW method in content adaptation, and proposing
the adaptation and use of the TOPSIS one. More importantly, none of the published
papers covering content adaptation has mentioned that the combination method used
is a SAW method, and falls under the MADM scoring methods.

We will now define the quality functions. According to Kuipers et al. [19], in the
adaptation of audio-visual content, three aspects should be considered, namely:

1. The quality of the content at the source, that is, the quality of the adapted content
before delivery.

2. The quality of service (QoS), which is affected by the delivery of the adapted
content over the network.

3. The human perception of the adapted content (audiovisual quality, usability, the
time required to obtain it, etc.).

From these three aspects, it is clear that QoE is affected by the QoS (term we reserve
for networking only), but is not limited by it. At a high-level of abstraction, the QoE of
adapted content is affected by its audiovisual quality and the delivery time. The first
expresses how the content is appreciated audio-visually, and the second expresses
the impact of the total delivery time on the appreciation of the content. Note that
this is not the only way of evaluating QoE, and, as explained in [19]; like the QoS
evaluation, it constitutes a rich area for research. Based on this work, we consider two
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high-level functions, namely visual quality and delivery time, to evaluate the QoE
of adapted contents. Their evaluation is presented in the following sub-sections.

4.1 Evaluation of the visual quality

In this paper, we are concentrating on the adaptation of slide documents into JPEG-
and XHTML-based Web pages, and as a result, we propose to evaluate the visual
quality as follows. Note that this evaluation was first introduced by Louafi et al. [21],
and we therefore refer readers to this paper for more details.

n(ct)
A - 0L, D)
QM(ch, D) = = (©)
ZA(CZJ)
=1

where ¢y, ; is an embedded component (text or image) of ¢; and cfm- represents its
transcoded version using vector £. .A(c';w) is the area it occupies in the adapted slide,
and QFS™(ct |) is its visual quality as measured by the SSIM image quality met-
ric [39]. n(ct,) is the number of embedded components of ¢, which is given by:

¢ ){Number of components within ¢, if f=XHTML 7

1 if f=IJPEG

For convenience, we use the SSIM image quality metric [39] but other metrics
could be selected as well. Assuming that the visual quality of text components will
not be affected when adapted (scaled down), we evaluate Q3™ (c%, ;) by:

QSSM(ct ) _ SSIM(c}, ;,cx.4) if ¢f,; isanimage ®
R b if cf ;s text

where the SSIM is measured between the original component and its transcoded ver-
sion, both scaled to a specific resolution (that of the target mobile terminal - called
viewing conditions). A full discussion of the viewing conditions can be found in [5,
6].

To address the third requirement in designing a QoE metric [19], the obtained Q,,
values were mapped to their corresponding MOS values (mean opinion score), which
are more appropriate for representing the human perception. The mapping of SSIM
to MOS (or DMOS) using logistic functions is well-known in the field of objective
quality assessment [34]. Therefore, the obtained MOS values of each slide can be
interpreted as follows: from 0 to 0.2 : Bad, from 0.2 to 0.4 : Poor, from 0.4 to 0.6 :
Fair, from 0.6 to 0.8 : Good, and from 0.8 to 1.0 : Excellent.

Therefore, we have:

Q, (ch.;) = MOS(Q¥™(d, ,)) )
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4.2 Evaluation of the delivery time

Using the data size of the adapted content and the network characteristics, we evaluate
the delivery time as follows:

S(c)
N, (D)

B

T, (¢, D) = +N,(D) (10)
where S(ct), N, (D), and N, (D) are the adapted content file size, the network bi-
trate and latency, respectively.

4.3 User preferences articulation

Rather than asking the end-user to weight the quality parameters directly, we propose
to ask the user to weight or express his preferences regarding the proposed high-level
quality functions (Q,, and 7,,). Technically, in this case, for both quality functions,
the end-user can be asked to enter ranked values (e.g., visual quality: 80% and deliv-
ery time: 20%). Alternatively, he can be asked to select linguistic expressions (e.g.,
visual quality: very sensitive and delivery time: less sensitive). Note that when lin-
guistic expressions are used, they are converted into numerical values, using fuzzy
functions, for example, as proposed in [41].

For simplicity, in this paper, we use the weight ranking technique. To express the
relative importance between the quality functions, we propose to define the weights
as follows:

w, (D) +w, (D) =1
0<w,(D),w,(D)<1

(1)

where w,, (D) and w,. (D) are the weight values expressing the user preferences re-
garding Q,, and 7, , respectively.

4.4 QoE evaluation

The set of transcoding parameter combinations obtained by varying t = (f, z, QF)
leads to an infinite solution space when considering fractional resolution scalings.
Therefore, in practice, we use quantization to limit the solution space while spanning
a wide variety of adapted contents. In this paper, we use the following quantized
values of z and QF":

7=1{0.1,0.2,...,1}, QF = {10,20,...,100} (12)

Let? = (f,z, @77) be the quantized transcoding parameter combinations. Thus, we

note by Wy, the quantized solution space, and by )/NV,? the space of the quantized
solutions that can be accepted by D (see (2)).

To evaluate the QoE of each adapted content, we use the TOPSIS method, which
consists in computing the solution that is the closest to an ideal point and the farthest
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from a negative ideal point. It includes six steps and herein the adaptation of these
steps to the problem at hand.

Step 1: Normalization of the Q,, and 7}, of each adapted document ¢, from W,?
as follows:

Q! (ch. D) = Qv(Ci,D)/ > (Qu(d. D)

cieWE
(13)
To(ck, D) = %(CE,D)/ > (To(d, D))
ciEWE
where Q7 and 7' are the normalized values of Q,, and 7, respectively.
Step 2: Weighting the normalized Q,, and 7.
Q:f(ci’vD):w ( ) Qn(clltw ) (14)
Ty (ch, D) = wy (D) - T] (¢} D)
where Q' and 7} are the weighted normalized Q,, and 7, respectively.
Step 3: Determining the ideal and negative ideal solutions.
The ideal solution, (Q?.,7°), is evaluated by:
Q! (e, D) = max (Qu(d, D))
ckEWD
. ~ (15)
To(h, D) = min (T2(c, D))
ctewp
The negative ideal solution, (Q;7 T, ). is evaluated by:
Q;(d, D)= min (Qu(c,D))
ctewp
k k
~ 5 (16)
75 (D) = max (T2(ch, D))
ctewp

Step 4: Computing the Euclidean distance of each adapted content from the ideal
solution and from the negative ideal solution. They are given by:

(. D) = /(@2 (k. D) — Qu(dk, D))* + (Tg(ck, D) — T(ch, D))?
a-(ch, D) =/ (Q (. D) - Qu(ch, D)) + (T (ch D) — T (L, D))°

where d° and d~ are the Euclidean distances from the ideal solution and from the
negative ideal solution, respectively.

Step 5: Computing the relative closeness (C*) of each adapted content to the
ideal solution:

a7)

; 4 (4. D)
C*(&,D) = —— k 18
D)= @ D) @) o
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Step 6: Considering the Q, of each adapted content as its relative closeness to
the ideal solution (C*), we update (3) as follows.

cf? = argmaxC’*(ci,D) (19)

t WD
CLEW,

Then, instead of solving (3), we solve (19) on the agcepted adapted content solution
space W,f’ . That is, we evaluate the closeness, C* (c',t€7 D), of all the accepted adapted
content versions, which represents their respective Q,, values, and then select the
adapted content version that yields the highest closeness value.

4.5 Content selection process

In this section, we describe the optimal adapted content selector module presented in
Fig. 1, which uses the proposed QoE model to select the optimal adapted slide from
the set of adapted slides stored in a database server. The different modules that com-
prise the content selector module are presented in Fig. 2. The user preferences, the
quality, and constraint parameters are extracted from the user’s request. On the other
hand, for each slide, the set of its adapted versions are selected (one by one) from the
database server, and their file sizes and resolutions are extracted and validated against
the constraint parameters to select only those that can be accepted by the target mo-
bile device. We use the file sizes and resolutions of the accepted adapted slides and
the extracted quality parameters to evaluate their visual quality Q,, and delivery time
T, - The latter, as well as the extracted user preferences, are used to evaluate the QoE
(Q,) of each accepted adapted slide. Lastly, the adapted slide yielding the highest
Q. value is selected as the optimal one and sent to the Web server for delivery.

User’s request

T
v v v
User preferences Quality parameters Constraint parameters
extraction extraction extraction

v v |

Qv Acce Resolution
. pted
TOPSIS-based [¥| evaluation [« adapted extraction
evalﬁgtion To slide File si Adapted
| . dati ile size
evaluation [« | validation 4 slides
T
4
Optimal adapted <
slide selection ——
Database
o

Optimal adapted slide

Fig. 2: The content optimizer.
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5 Experimental setup

In this section, we show the applicability and the performance of the proposed QoE
model in the adaptation of presentation slides. To that end, we developed a Java-based
application that uses OpenOffice APIs to create programmatically (not manually) a
set of OpenOffice Impress documents. Each of them was comprised of one slide,
itself comprised of a text component and an image. The text and images were col-
lected from the Internet, and their positions in the slide were set randomly. To cover
a wide variety of slide characteristics, different values representing the percentage of
the areas occupied by text (T) and image (I) components in the slide were used, as
follows [21]:

T € {0%, 10%, 20%, . . ., 100%}

20
I € {0%,10%, 20%, . .., 100%} 20)

Using OpenOffice JPEG and XHTML filters, each document was adapted by
varying the transcoding parameters f € {JPEG,XHTML}, z € {0.1,0.2,...,1}
and QF € {10,20,...,100}. Thus, for each slide cj, we created a set of adapted
slides (Web pages), Wk. Thus, we have:

Wi = {C?c}f:(f,27@/?) (2D

Let D be a mobile device connected to an LTE communication network that has a
bitrate of N, (D) = 6 Mbps and a latency of N, (D) = 25 ms [3].

We assume that all the adapted contents of Wk satisfy the constraints of D ex-
pressed in (2). Thus, we have Wy, = W,? .
For each slide ¢y, we evaluate the visual quality and delivery time of its adapted

versions {cfc} using (9) and (10), respectively. Then, using (19), we evaluate their

quality of experience and select the optimal one cf:.

It would be very interesting to compare our proposed QoE model with other
TOPSIS-based methods. However, as we mentioned earlier, TOPSIS has never been
applied to content adaptation. Thus, we validate the performance of the proposed
QoE model with two less complex scoring methods that do not require extensive
computations, namely SAW (simple additive weighting) and WP (weighting prod-
uct) [40]. These two methods are widely used in various research domains [23-25,
41,32,22,33,17,30,1], and also in content adaptation [23-25,41]. The WP method
has been used in [21] as an alternative to the SAW method, providing more accurate
results. Therefore, as previously stated, for each adapted slide ¢, we evaluate its vi-
sual quality, delivery time and quality of experience, using the a SAW- and WP-based
methods.
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5.1 SAW-based method

This method consists of two steps: normalization of Q,, and 7, then evaluation of
Q.. The normalization breaks down as follows:

Q" (d,D) =0, (c, D)/ max (Q,(d, D))

t D
CLEW

T2, D) = min (T,(c, D)) /T, (¢, D)

t D
CLEW,

(22)

where Q7 and 7' are the normalized values of Q,, and T, respectively. Note that
this is not the only way normalization can be done [26].
The Q,, evaluation is given by:

V(D) = w, (D) Q" (ck, D) + w, (D) - T (c, D) (23)

The solution yielding the highest Q,, value is selected as the optimal one.

5.2 WP-based method

In the WP method the normalization is not required [26] and the Q. of each adapted
slide ¢t is evaluated as follows:

(D) (D)

(To(dop) (24)

Wy,

QY*(ck. D) = (Qy (k. D)

Similarly, the optimal solution is the one that possesses the highest Q. value.

6 Experimental results
6.1 Selected document example

To graphically illustrate the optimal solutions obtained by the three methods under
consideration, we selected a document example. In Figs. 3(a) and 3(b), we show the
optimal solutions obtained for JPEG and XHTML, respectively. In this example, it is
clear that both SAW- and WP-based methods tend to select solutions with lower deliv-
ery times, which is good; however, this forces the visual quality to be very low. With
respect to the ideal point of (Q,, = 1,7, = 0) (also called utopia in multi-objective
optimization), the SAW- and WP-based methods provide optimal solutions that devi-
ate significantly from the ideal point. On the other hand, as shown in these figures, the
TOPSIS-based method provides optimal solutions that are closer to this ideal point,
and balanced between Q,, and 7,,. This is quite reasonable, because in this scenario,
we are using the same weight value for both quality functions (w,, (D) = w, (D) =
0.5). This behavior is expected, as the proposed TOPSIS-based method is designed
to identify the solution closest to an ideal point (Q,, = 1,7, = 0) and the farthest
from a negative ideal point (Q,, = 0,7, = highest value), whereas with the SAW-
and WP-based methods, the quality functions are combined arbitrarily.
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Fig. 3: Results of the selected document obtained with w,, (D) = 0.5 and w,. (D) =
0.5.

6.2 Absolute deviation from utopia

To study the overall performance of the proposed QoE model, we compare the op-
timal solutions obtained with the three methods under consideration with the utopia
point, which represents the ideal target. Therefore, we evaluate the weighted absolute
deviation between the optimal solutions and utopia. Note that the absolute deviation is
used only for illustration purposes, and other metrics, such as the Euclidean distance,
can be used. As the TOPSIS-based method uses the Euclidean distance (see (17)),
we opted for the weighted absolute deviation to avoid biasing the validation. It is
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evaluated as follows:

T, (ch, D)=T, (y°)

Q,(,D)-9Q, (y°) )
+(D)

w,, (D)

+ (25)

DEV(ct %)=
(Ckay) | w

where y" represents the utopia point with Q,, (y°) = 1 and 7, (y°) = 0.

The obtained results, computed for w,, (D) = 0.5 and w,. (D) = 0.5, are plotted
in Figs. 4(a) and 4(b) for JPEG and XHTML, respectively. We observe that over-
all, our model presents optimal solutions closer to utopia than those obtained with
the SAW- and WP-based methods. They are much closer in the case of XHTML.
The SAW-based method, which is mostly used in the literature, behaves very poorly,
whereas the WP-based one shows a variable behavior. Thus, overall, both SAW- and
WP-based methods are not reliable, and should not be trusted and implemented in
practical applications. On the other hand, the proposed TOPSIS-based model pro-
vides very reliable results, close to the ideal target (utopia).

6.3 Analysis of the obtained Q,, and 7,

In this section, we analyze the optimal Q,, and 7, obtained by each method. We want
to see if the obtained optimal solutions can improve the end user experience. To make
this analysis graphically clear, we plot the visual quality and delivery time separately.
Figs. 5(a) and 6(a) respectively show the optimal Q,, and 7,, obtained with the SAW-
, WP- and TOPSIS-based methods when the output format is JPEG. Those obtained
for XHTML are presented in Figs. 5(b) and 6(b). We observe that the optimal Q,,
obtained by the TOPSIS-based method are Good; between 0.65 and 0.92 for JPEG
and between 0.68 and 1 for XHTML. On the other hand, those obtained by the SAW-
and WP-based methods are much smaller overall, and highly variable. For JPEG, we
note that many interesting points were reached by our TOPSIS-based method, and not
by the SAW- and WP-based methods. For instance, in each group of ten documents,
the first three or four obtained by the TOPSIS-based method present very low delivery
times and higher visual quality at the same time (see Figs. 5(a) and 6(a)). Some
of them present the same delivery time values for three methods, but much higher
visual quality values for the TOPSIS-based method. For the other documents, it was
not possible to reach a higher visual quality and lower delivery time simultaneously,
compared to the other methods. The two other methods could not reach even those
interesting points that we reached with our proposed method. Thought, in general,
the delivery time obtained with the TOPSIS-based method is higher compared to that
obtained with the SAW- and WP-based method, it is still very low and improves the
QoE. This is based on studies performed in estimating the tolerable waiting time in
Web browsing [28]. In [28], the authors found that up to 5 seconds of waiting time,
the user is fully satisfied with the Web application, and between 5 and 10 seconds,
the user satisfaction starts decreasing gradually. Beyond 10 seconds, the user is not
satisfied with the application and starts doing something else, such as restarting or
aborting the application. As shown in Figures 6(a) and 6(b), the delivery time we
obtained is under 0.14 and 0.06 seconds for JPEG and XHTML, respectively, which
is very appealing.
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Fig. 4: Weighted absolute deviation from utopia, obtained with w, (D) =
0.5, w,. (D) = 0.5. The documents are sorted according to the results of the TOPSIS-
based method.

In the case of XHTML, we observe that the visual quality values obtained with
the TOPSIS-based method are higher than those obtained for JPEG. Also, the de-
livery time values obtained with the TOPSIS-based method are lower for XHTML
than those obtained for JPEG. This is due to the visual and delivery time evaluation
(see (9) and (10)). The visual quality of XHTML format is thus higher because the
visual quality of the adapted slide components is computed separately, and that of
text components is always equal to 1. In the case of JPEG, however, the whole slide
is converted into one JPEG image, and so its visual quality is computed as the image
quality of that JPEG image. Regarding the delivery time, the XHTML-based adapted
slide is lighter, as compared to the JPEG-based one, for the same reasons; i.e., for
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Fig. 5: Optimal Q,, obtained with w,, (D) = 0.5, w,.(D) = 0.5.

JPEG, we have one JPEG image, and for XHTML, we have images and text, and the
areas with no text and no images are not counted.

Statistically speaking, in Tables 1 and 2, we present the average optimal Q,, and
T, obtained by SAW-, WP- and TOPSIS-based methods for JPEG and XHTML, re-
spectively, as well as their variances. The variance presented in these tables confirms
the variability of Q,, for the SAW- and WP-based methods, compared to that of the
TOPSIS-based one. It also confirms the variability of 7,, for TOPSIS compared to

SAW and WP.



A TOPSIS-based QoE Model for Adapted Content Selection of Slide Documents 19

0.14 -»-SAW-based method
--PW-based method
-e-TOPSIS-based method|
0.12
@ o1
[0
£
=
E.O,Osf 1
o
=2
©
a 0.06
0.04- —

0% 410 20 30 40 50 60 70 80 90 100 110 120
Document number

(a) JPEG
0.065 - LA
--SAW-based method
->-PW-based method
0.06 -e-TOPSIS-based method
0.055

o
=}
&

Delivery time (s)
o g
&

0 10 20 30 40 50 60 70 80 90 100 110 120
Document number

(b) XHTML
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Table 1: JPEG average values and their variances.

Average Variance
Methods Q, Tp(sec) Q, Tp(x1073)
SAW-based method 0.397 0.029 0.039 0.002
WP-based method 0.501 0.036 0.026 0.002
TOPSIS-based method ~ 0.759 0.074 0.003 0.072

6.4 Human perception analysis

Studies performed to characterize the maximum tolerable waiting time in Web brows-
ing suggest that 2 seconds is the limit [28]. This time can be increased to 38 seconds
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Table 2: XHTML average values and their variances.

Average Variance
Methods Qv Tp (sec)s Q. T, (x1073)
SAW-based method 0.766 0.034 0.022 0.002
WP-based method 0.786 0.035 0.015 0.001
TOPSIS-based method ~ 0.846 0.040 0.005 0.005

by adding a “status bar” to the Web application in order to keep the client interested.
In our context, the maximum delivery time is less than 0.14 seconds (see Fig. 6(a)).
Since the maximum delivery time we have is very small, it is important to analyze the
visual quality of the adapted documents obtained with the three methods under con-
sideration. To that end, we show the meaning of the obtained visual qualities using
the mean opinion score, which reflects the human perception. The obtained visual
qualities are grouped into five categories, as suggested by MOS, and presented in
Figs 7(a) and 7(b) for JPEG and XHTML respectively. In this view, we observe that
all the optimal documents obtained by the TOPSIS-based method have Good or Ex-
cellent visual quality (in the sense of mean opinion score). Those obtained by the
SAW- and WP-based methods range mostly between Bad and Fair for JPEG, and be-
tween Poor and Good for XHTML. It seems that the SAW- and WP-based methods
are constrained by a low 7, threshold, which pushes the Q, lower. However, the
results are obtained with neutral user preferences, w,, (D) = 0.5,w,.(D) = 0.5, and
a fast communication network (LTE). Therefore, we expect to obtain higher Q,, val-
ues, as the network can tolerate delivering documents with higher data sizes (higher
T,), and thus higher Q,, . This shows clearly that the weights in SAW- and WP-based
methods do not properly match the user’s expectations since they are applied to dif-
ferent metrics, Q,, and 7,,, without much consideration regarding their respective
scales.

6.5 Impact of user preferences

In this section, we show the impact of varying the user preferences on the behav-
ior of the three methods under consideration. The objective is to see if the proposed
TOPSIS-based QoE model is also reliable when different user preference combina-
tions are used. To this end, we evaluate the optimal solutions of each method using
various user preference combinations, as follows:

w, (D) € {0.1,0.2,...,0.9}, w,(D)=1-w, (D) (26)

Similarly, we evaluate the weighted absolute deviation of the obtained solutions
from utopia. The averaged weighted absolute deviations from utopia are plotted in
Figs. 8(a) and 8(b) for JPEG and XHTML, respectively. We observe that the distance
to utopia obtained with our proposed TOPSIS-based method is smaller compared to
that obtained with the SAW- and WP-based methods. We also note that the SAW- and
WP-based methods mostly provide the same results.
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Fig. 7: Optimal Q,, converted into human perception based on MOS. Results ob-
tained with w,, (D) = 0.5, w,.(D) = 0.5.

6.6 Impact of the communication network conditions

In previous subsections, we analyzed all the performance facets of the proposed QoE
model with the conditions of an actual communication network, which is LTE. In
this section, we show its behavior when the network conditions change. To this end,
we run the simulations with two others mobile devices connected to the following
networks [37,36]:

— Scenario 1 (e.g., HSDPA network): bitrate of N, (D) = 1.8 Mbps and a latency
of N, (D) = 90 ms.

— Scenario 2 (e.g., WLAN network): bitrate of N, (D) = 22 Mbps and a latency
of N, (D) = 5 ms.
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Fig. 8: Average weighted absolute deviation from utopia, obtained with various user
preference combinations (w,, (D), w,.(D)).

Note that, these values may change drastically in the same communication net-
work. Figures 9 and 10 show the weighted absolute deviation from utopia for scenar-
ios 1 and 2, respectively. We observe that the TOPSIS-based method performs better
than the SAW- and WP-based methods. We observe also that the WP- and TOPSIS-
based methods performs almost similarly in the first scenario when XHTML is used.
This is however not a rule, but rather an exception.

On a final note, we can conclude that the WP-based method performs better than
the SAW-based method, which is widely used in content adaptation, and the TOPSIS-
based method is far the best among the three tested methods. In the next section, we
analyse its complexity and limitations.
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Fig. 9: Weighted absolute deviation from utopia, obtained with w, (D) =
0.5,w, (D) = 0.5, and N, (D) = 1.8 Mbps, N, (D) = 90 ms. The documents
are sorted according to the results of the TOPSIS-based method.

7 Complexity and Limitations

In this section, we first study the asymptotic complexity of the proposed QoE model,
which is based on the TOPSIS scoring method, then analyse its limitations. We show
how complex this method is, compared to that used in the literature (SAW), but also to
the WP one. Let the problem at hand be of n objectives or attributes (quality functions
in our case), and m alternatives (number of adapted versions of a given content).
The number of operations required by each method to evaluate the optimal solution
are summarized in Table 3. At the asymptotic level, all these methods are of the
same complexity O(n x m), that is, on high-end computing servers, our proposed
QoE model can be used without experiencing any processing latency. Therefore, the
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Fig. 10: Weighted absolute deviation from utopia, obtained with w, (D) =
0.5,w, (D) = 0.5, and N, (D) = 22 Mbps, N, (D) = 5 ms. The documents are
sorted according to the results of the TOPSIS-based method.

proposed model provides reliable results, compared to existing solutions, without
adding significant processing overhead.

Regarding the limitation of the proposed QoE model, ideally, the optimal solution
should lie on the Pareto-optimal front, which contains all the best trade-offs between
the objective functions, Q,, and 7, in our case. All the other solutions are not suit-
able, as they are dominated (in the sense of multi-objective optimization) by at least
one solution from the Pareto-optimal front. Unfortunately, the TOPSIS-based method
does not guarantee a solution from the Pareto-front [26]. Indeed, even in the problem
at hand, we identified an example in which the optimal solution obtained does not
lie on the Pareto-optimal front, as shown in Fig. 11. Although, in this example, the
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Table 3: Complexity (number of operations for n objectives and m alternatives)

Operation Number of  Asymptotic
Methods  type operations  complexity
Min/max of alternatives nxm
Normalization nxXm 4(n xm)+m
SAW- o .
Weighting alternatives nxm ~ O(n x m)
based . .
Summing the attributes nxm
Evaluation of the optimal m
Weighting alternatives nXxm 2(n xm)+m
WP- .
based Product of attributes nxm ~ O(n x m)
Evaluation of the optimal m
Normalization nXxXm
Weighting alternatives nXxm
TOPSIS-  Positive and negative ideals n x m 6(n X m)+3m
based Evaluation of d* and d~ nxm ~ O(n x m)
Evaluation of C* 2m
Evaluation of the optimal m
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Fig. 11: Optimal solutions obtained with the SAW-, WP- and TOPSIS-based methods
of a given slide. The TOPSIS optimal solution is not on the Pareto-optimal front.

TOPSIS optimal solution is better than those of the SAW- and WP-based methods, it
does not belong to the Pareto-optimal front. In this case, it is clear that there is a least
one solution that is superior to it. An adaptation of the TOPSIS method could resolve
this issue, thereby ensuring optimal solutions from the Pareto-optimal front.

8 Conclusion

When mobile devices are involved in conference meetings, shared documents must
be adapted to be accepted by the target mobile device and improve the end-user ex-
perience. The adaptation process uses the target mobile device’s features, network
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conditions, and the end-user’s preferences to evaluate the QoE of each adapted con-
tent prior to delivery.

Existing research on QoE evaluation of adapted content weights the context pa-
rameters, such as network bitrate, directly. However, not all users are able to under-
stand these parameters, nor their impact on the requested adapted content quality.
This renders the proposed QoE models user-unfriendly. Besides, the context parame-
ters are summed up to quantify the quality of each adapted content. This quantifying
method is not really accurate as not all the context parameters can compensate for
each other.

In this paper, we propose a user-friendly and reliable QoE model that makes
all the context parameters transparent to the end-user and exposes high-level qual-
ity functions understandable by all users. Furthermore, it uses the TOPSIS scoring
method to combine these functions in order to quantify the quality of each adapted
content, and thereafter select the optimal one. Experimental results show that the pro-
posed model is convenient, as the end-user does not need to worry about the context
parameters, and instead, manipulates quality functions that have real meaning to him.
Regarding the combination of the quality functions, the results show that the proposed
TOPSIS-based QoE model is very reliable, and provides optimal solutions closer to
an ideal solution (utopia) than those presented in the literature. The QoE model we
propose can be extended, in the sense that new quality functions, such as battery life,
can be included. As the TOPSIS method does not guarantee optimal solutions from
the Pareto-optimal front, it is worth investigating, in a future work, how this method
can be improved to provide non-dominated optimal solutions.
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