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ABSTRACT
This paper is devoted to the problem of evaluating the quality of experience (QoE) for a given multimedia 
service based on the values of service parameters such as QoS indicators. This paper proposes to compare 
two self learning approaches for predicting the QoE index, namely the approach based on logic circuit learn-
ing and the approach based on fuzzy logic expert systems. Experimental results for comparing these two 
approaches with respect to the prediction ability and the performance are provided.
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1. INTRODUCTION

Nowadays, multimedia services are progressing 
very fast as multimedia information is usually 
transmitted using public or private networks. A 
multimedia traffic is considered to be any com-
bination of audio, image, video or data traffic. 
One may notice that such multimedia traffic 
has become a principal traffic source in today 

Internet. The advancement of networking tech-
nologies as well as higher achievable bitrates 
has helped a lot in the growth and popularity 
of multimedia traffic. It is expected that video 
traffic will reach 66% of the global mobile traffic 
by the year 2015 with one million minutes of 
video content crossing the Internet every second 
(Cisco, 2011). On the other hand, multimedia 
traffic challenges the service providers and 
network operators, for instance, the former is 
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required to have higher bandwidth or stringent 
QoS requirements (Kumar and et al., 2002). 
Moreover, it is essential for service providers 
and network operators to measure the quality 
of real-time multimedia applications, such as 
video streaming, mobile IPTV, and other kinds 
of audio and video applications (Serral-Gracià 
et al., 2010).

A service that is used to deliver a multi-
media traffic to an end-user is considered to be 
a multimedia service, and the quality of such 
service plays a crucial role when an end-user 
chooses between two multimedia services. In 
other words, the service quality is an argument 
that allows attracting customers and thus, this 
parameter has to be estimated thoroughly. 
Usually, the Quality of a (multimedia) Service 
(QoS) is defined as a vector which components 
are values of given attributes (parameters), such 
as time delay, packet loss rate, etc. The QoS is 
a metrics that represents some objective service 
parameter values that can be, for example, ef-
fectively measured based on the traffic analysis 
(Khirman & Henriksen, 2002). The QoE metrics 
is more involved with services, since it measures 
the user satisfaction (Winckler et al., 2013; 
ITU-T Recommendation G.1080, 2008) and 
thus, the QoE becomes one of the challenging 
metrics to evaluate the quality. Moreover, when 
dealing with Clouds and/or Internet of Things, 
various multimedia/web service compositions 
are usually considered. Therefore, new methods 
and techniques for estimating quality of such 
compositions need to be provided.

The QoS parameters reflect the objective 
network and service level performance and they 
do not directly address the user satisfaction of 
the delivered service or application. However, 
it is well known that when the QoS parameters 
vary, the QoE is influenced as well. The relation-
ship between QoS and QoE is hard to estimate, 
since this relationship is not linear. Moreover, 
the higher QoS level does not always yield the 
higher QoE value. Various QoS/QoE correla-
tion algorithms can be found, for example, in 
(Rubino et al., 2006; Mushtaq et al., 2012; Wang 
et al., 2010). The relationship between the QoS 
and QoE metrics has a number of applications, 
including multimedia, web, etc., when assessing 

an end-user satisfaction with a given service 
(Wijnants et al., 2009; Mushtaq et al., 2012; 
Pokhrel et al., 2014).

An algorithm for the QoE evaluation has 
to be adapted to a human’s brain in order to 
‘predict’ what a user likes/dislikes. This is the 
reason why different self-adaptive models and 
algorithms are now used when evaluating/pre-
dicting the QoE of different services (Kushik et 
al., 2014; Pokhrel et al., 2014). The advantage 
of a self-adaptive model is that it can be learned 
or trained by a ‘teacher’ or by itself according to 
the feedback from people who use the service. 
As usual, an initial model/machine is derived 
based on some statistics that contain a number 
of user estimations of the service depending on 
measurable service parameters. Afterwards, the 
model can ‘predict’ a user satisfaction of the 
service for current values of service parameters. 
Usually the more statistics are gathered the 
better is the ‘prediction’. Moreover, a model 
is self-adaptive, and thus, when new statisti-
cal data appear for which the model does not 
behave in an appropriate way, the model is 
adjusted to this new data. This process is called 
the model training.

Given a self-adaptive model, different ser-
vice parameters might be considered. Usually 
QoS parameters are considered, as their values 
can be automatically measured. In this paper, we 
are focusing on predicting the user satisfaction 
with a multimedia service, i.e., on evaluating 
the QoE of the multimedia service when a num-
ber of objective multimedia parameter values 
have been already estimated. The parameters 
considered in this paper are the jitter and the 
packet loss of the video traffic. Considering 
self-adaptive models, in this paper, we focus on 
two approaches for predicting the QoE value: 
logic circuit based approach and fuzzy logic 
expert systems. The main objective of the paper 
is to compare these approaches w.r.t. the QoE 
prediction ability and the performance.

The comparison between two approaches 
that are used to estimate the QoE value for 
multimedia services has been performed based 
on the experimental evaluation. The end-user 
participants have been chosen in order to collect 
a dataset of ‘real’ QoE values of the videos that 
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have been artificially deteriorated by increas-
ing the jitter and the packet loss of the traffic. 
Furthermore, a distance between the ‘real’ 
QoE value and the value provided by each of 
self-adaptive algorithms has been evaluated.

Preliminary results of this paper have been 
partially published in (Kushik et al., 2014; 
Pokhrel et al., 2014; Pokhrel et al., 2013). 
Corresponding papers contain the theoretical 
descriptions of the proposed approaches for 
the QoE estimation, while in this paper, we 
make a step towards the comparison of these 
approaches. In other words, the main contri-
butions of the paper are experimental results 
as well as metrics to compare the fuzzy logic 
expert system and the logic circuit approach for 
evaluating/predicting the QoE value.

The structure of the paper is as follows. 
Section 2 contains the preliminaries. This 
section introduces the basic concepts for both 
approaches presented in the paper. Section 3 
provides a brief description of the use of logic 
circuits and fuzzy expert systems for estimat-
ing the service quality. Section 4 presents the 
experimental results and the discussion on 
comparing two approaches to estimate the QoE 
of multimedia services. Section 5 concludes 
the paper.

2. PRELIMINARIES

Nowadays, in computer sciences various logics 
are used for different purposes and in this paper, 
we discuss how the logic over Boolean vectors 
and corresponding relations over them (Boolean 
logic) can be used for evaluating/predicting the 
user satisfaction with a multimedia service. On 
the other hand, we also focus on the modification 
of the multi-valued logic, namely a fuzzy logic 
(Zadeh, 1965). Differently from the classical 
Boolean algebra, a fuzzy logic variable may 
have a truth value that ranges between 0 and 
1. In this section, we provide basic definitions 
that are used along the paper, i.e., the defini-
tions related to the Boolean and fuzzy formulae 
effectively represented by a logic circuit or by 
a corresponding fuzzy expert system.

2.1. Logic Circuits and 
Their Synthesis

A logic network (circuit) consists of logic gates. 
Each logic gate has input (-s) and a single output. 
Outputs of some gates are connected to inputs of 
the others. The inputs of some gates that are not 
connected to any other gate output are claimed 
to be primary inputs while the outputs of some 
gates are claimed as primary outputs. In this 
paper, we consider combinational circuits, i.e., 
feedback-free circuits which have no latches.

Each gate implements a Boolean function. 
Most common 2-input gates are AND/OR/XOR/
NAND/NOR/XNOR that implement conjunc-
tion/disjunction/xor and their inversions. There 
are also 1-input gates such as NOT/BUFF that 
implement the inversion and the equality func-
tion, correspondingly.

As an example, consider a combinational 
circuit in Figure 1a with a set X = {x0, x1, x2, x3} 
of inputs, a set Z = {z0, z1} of outputs, and 11 
AND and NOT gates shown as nodes. Hereafter, 
we assume that NOT nodes are taken in bold; 
all other nodes correspond to AND-gates.

By definition, a logic circuit implements 
or represents a system of Boolean functions. A 
circuit accepts a Boolean vector as an input and 
produces the Boolean vector as an output ac-
cording to the corresponding system of Boolean 
functions. Each logic circuit can be described 
by a Look-up-Table (LUT). An LUT contains 
a set of input/output pairs of a given circuit: if 
for the input i the circuit produces an output o, 
then the pair i/o is included into the LUT (see, 
for example, Table 1).

An LUT can be used as the specification 
when deriving a logic network that implements 
the given system of Boolean functions, and there 
exist a number of methods how to synthesize 
such a logic network.

If a given system of Boolean functions is 
completely specified then a 2-level network 
can be synthesized based on a corresponding 
Disjunctive Normal Form (DNF) or a Sum 
of Products (SoP) (McCluskey, 1965). If the 
system of Boolean functions is only partially 
specified, then other methods are used for 



Copyright © 2014, IGI Global. Copying or distributing in print or electronic forms without written permission of IGI Global is prohibited.

International Journal of Organizational and Collective Intelligence, 4(3), 44-65, July-September 2014   47

logic synthesis (see, for example, Kuehlmann, 
2003). In this case, each input pattern where 
the circuit behavior is not specified is usually 
treated as a ‘Don’t_Care’ pattern, i.e., a circuit 
under design can produce any output to this 
input. Correspondingly, the circuit behavior is 
specified for such ‘Don’t_Care’ patterns accord-
ing to the designer’s needs. It can be guarded 
by optimal criteria of a circuit under design, 
such as a number of logic gates, time needed 
to produce an output, etc. In this paper, we are 
interested in deriving a circuit that models the 
QoE evaluation of multimedia services, thus, 
one of optimal criteria could be the accuracy 
of the circuit prediction.

We derived the circuit S for the system of 
partially specified Boolean functions in Table 

1 using the software tool ABC (Berkeley Logic 
Synthesis and Verification Group, ABC). For 
this purpose, we run the ABC tool against the 
LUT corresponded to Table 1. The set on input/
output vectors was presented using the PLA 
format. The resulting circuit S with 11 gates is 
shown in Figure 1a.

2.2. Fuzzy Logic and 
Expert System

A fuzzy logic is represented as a set of math-
ematical principles for knowledge representa-
tion based on degrees of membership rather 
than on the membership of classical binary 
logic (Zadeh, 1965). Contradictory to two-
valued Boolean logic (1 or 0), fuzzy logic is 

Figure 1. A) A Circuit S, B) A Circuit S′

Table 1. An example of an LUT 

x0 x1 x2 x3 z0 z1

1 1 1 1 1 1

0 1 1 1 1 1

1 1 0 0 1 0
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multi-valued, i.e. fuzzy constants belong to the 
interval between 0 and 1.

A fuzzy set can be represented as a set 
that contains fuzzy boundaries (Negnevitsky, 
2002). Let X be the universe of discourse and its 
elements be denoted as x. In the fuzzy theory, 
the fuzzy set A of the universe X is specified 
by function μA(x) that is called a membership 
function of the set A. This membership function 
is defined as follows: μA(x): X -> [0,1], where 
μA(x) = 1, if x is totally in A, μA(x) = 0, if x is 
not in A, and 0 < μA(x) < 1, if x is partially in A.

For any element x of the universe X, the 
membership function μA(x) determines the de-
gree of each x to belong to the set A. This degree 
is a value between 0 and 1, which represents 
a membership value or a so called degree of 
membership of the element x in set A.

A fuzzy inference rule can be defined as a 
conditional statement in the following form:

IF <antecedent> THEN <consequent>. 

For example, IF x is in A THEN y is in B.
Usually, in the fuzzy inference rules the 

variables x and y are linguistic (for example, 
Height, weight etc.), while A and B are linguistic 
values determined by fuzzy sets (for example, 
tall, short, heavy etc.) on the universe of dis-
courses X and Y, correspondingly.

Fuzzy set operators are used to manipulate 
with different fuzzy sets. Different operators 
like union, intersection, complement, etc. are 
used for the purpose. In this section, we will 
describe two fuzzy operators, namely union 
and intersection, as those are used throughout 
this paper.

The fuzzy union operator of two fuzzy sets 
A and B over the universe X can be represented 
by a membership function

μA∪B(x) = max [μA(x), μB(x)], 

where μA and μB are membership functions for 
the sets A and B correspondingly. The fuzzy 
union operator is equivalent to the OR operator 
in Boolean algebra.

The fuzzy intersection operator of two 
fuzzy sets A and B on the universe X can be 
represented by a membership function

μA∩B(x) = min [μA(x), μB(x)], 

where μA and μB are membership functions for 
the sets A and B correspondingly. The fuzzy 
intersection operator is equivalent to the AND 
operator in Boolean algebra.

Fuzzy logic expert system is one of the 
well-known estimation/prediction techniques 
that is used for making decisions based on im-
precise/ambiguous information in various fields 
(Baghel & Sharma, 2013). For instance, Adeli 
and Neshat (Adeli & Neshat, 2010) proposed a 
fuzzy expert system approach for diagnosis of 
heart diseases while in (Ngai & Wat, 2003) a 
fuzzy expert system is used for a hotel selection. 
Usually, the aim of a fuzzy logic expert system 
is to draw a concise result based on ambiguous 
information. A fuzzy logic expert system has 
three main components, namely fuzzifier, fuzzy 
interference engine and defuzzifier as shown 
in Figure 2 (Attaullah et al., 2008), and such a 
system can be used to establish the QoS/QoE 
correlation. In (Attaullah et al., 2008), the 
authors consider the signal strength, network 
load, available bandwidth, required bandwidth 
and jitter as QoS parameters for evaluating the 
performance of GPRS, WiFi and WiMax net-
works. With the help of membership functions 
and inference rules utilized in the fuzzifier and 
the inference engine correspondingly, the fuzzy 
expert system decides which network has a 
higher performance. Therefore, fuzzy expert 
systems have various applications, and the better 
membership functions and inference rules are 
defined the higher is the system intelligence. 
Components of the fuzzy expert system (Figure 
2) are described below.

The fuzzifier contains the membership 
functions (fuzzy sets). In the fuzzifier, input 
parameters are mapped into membership func-
tions to determine the membership of these 
parameters to appropriate fuzzy sets.

The fuzzy inference engine contains a col-
lection of IF-THEN rules, which are obtained 
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from experts or learned using other intelligent 
techniques. The justified inputs taken from the 
fuzzifier (i.e. membership values) are applied 
to the antecedents of the fuzzy rules. In case of 
multiple antecedents, AND or OR (intersection 
or union) operators are used to get the result 
of the antecedent evaluation (the truth value). 
This value (the truth value) is then applied to 
the consequent membership function, i.e., the 
output QoE membership function. In other 
words, the consequent membership function is 
clipped or scaled to the level of the truth value 
of the rule antecedent. If more than one rule is 
trigged from one set of input parameters, then 

the outputs of all the rules are aggregated into 
the aggregated output fuzzy set.

The defuzzifier is used to perform a de-
fuzzification, namely a single output value is 
obtained from the defuzzifier with the use of the 
aggregated output fuzzy set. There exist various 
defuzzification techniques (Ross, 1995) such 
as the centroid method, the weighted average 
method, the maximum method, etc.

Figure 2. A fuzzy expert system
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3. USING DIFFERENT LOGICS 
TO PREDICT THE QOE VALUE 
OF MULTIMEDIA SERVICES

In this section, we present two self-adaptive 
techniques that we have used when evaluating/
predicting the QoE of the multimedia services. 
The first technique is based on using Boolean 
formulae effectively represented by correspond-
ing logic circuits (Kushik et al., 2014) while the 
second technique utilizes fuzzy logic formulae 
represented by corresponding expert systems 
(Pokhrel et al., 2014).

3.1. Using Logic Circuits for 
Predicting the QoE Value 
of Multimedia Services

In this subsection, the approach based on Bool-
ean formula represented by a corresponding 
logic circuit is briefly described. The translation 
from the Boolean formula to a logic circuit is 
made by the use of an LUT. Such LUT can be 
written using various formats to further use 
some tools supporting a logic synthesis tech-
nique; for instance, PLA or BLIF formats can 
be used. In this paper, we represent an LUT 
in the PLA format and rely on using the ABC 
tool to derive and to resynthesize a logic circuit 
(if necessary) (Berkeley Logic Synthesis and 
Verification Group, ABC). ABC is a growing 
software system for synthesis and verification 
of binary synchronous sequential logic circuits. 
It provides scalable logic circuit synthesis and 
optimization based on And-Inverter Graphs 
(AIGs) and other internal circuit representations. 
Moreover, ABC includes a number of com-
mands for synthesis, resynthesis, optimization 
and verification of logic circuits as well as for 
providing the circuit statistics and parameters. 
The ABC can be easily downloaded from its 
official web site and run against a LUT to 
synthesize a corresponding circuit S.

The QoE prediction approach relies on 
logic circuit learning and we first discuss how 
the initial circuit can be derived and then turn 
to a learning procedure itself.

Consider a multimedia service W and a 
collection of service parameters p1, p2, …, pk 
that are used for the QoE evaluation. For the 
sake of scalability, we consider each parameter 
pi value as a nonnegative (unsigned) integer, 
bounded by the maximal value M

pi
, pi_value 

∈ {0, …, M
pi

- 1}. In order to evaluate the QoE 
of the service W, written QoE(W), a logic circuit 
S is derived. Inputs of the circuit S correspond 
to service parameters p1, p2, …, pk which values 
are encoded as Boolean vectors of length ]
log2Mpi

[, where ]t[ denotes the minimal inte-
ger that is not less than t; thus, the number of 

primary inputs of S equals ]log [
2

1

M
p

i

k

i
=
∑ . The 

circuit calculates the QoE(W) value for given 
integers p1_value, p2_value, …, pk_value and 
QoE(W) that is bounded by the maximal value 
M
QoE

, QoE(W) ∈ {0, …, M
QoE

- 1} also rep-
resented as a Boolean vector. The length of a 
corresponding Boolean vector is ]log2MQoE [, 
as ]log2t[ bits are needed to represent an unsigned 
integer t. Therefore, the circuit S has 

]log [
2

1

M
p

i

k

i
=
∑  primary inputs and ]log2MQoE [ 

primary outputs.
In order to derive the initial circuit S, we 

use statistics gathered by multimedia service 
experts as well as by the automatic evaluation 
of service parameters by end-users, who have 
an experience of using the service W. The logic 
circuit S that is derived based on the provided 
statistics, evaluates and predicts the QoE value 
of the multimedia service W for any values of 
input parameters. In Algorithm 1, we present 
an algorithm for deriving the initial circuit S.

Given an integer x, let B(x) denote a cor-
responding Boolean vector for x. Due to Steps 
2 and 3 of the above algorithm, the following 
statement holds.

Proposition 1: Given a multimedia service W 
and a statistic pattern p1_value, p2_value, 
…, pk_value, UserSatisfaction_value, a 
circuit S returned by Algorithm 1 produces 
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the output B(UserSatisfaction_value) 
when the concatenation B(p1_value) ⋅ 
B(p2_value) ⋅ … ⋅ B(pk_value) is applied 
as an input vector.

In order to improve the prediction ability of 
the circuit S derived by Algorithm 1, one may 
consider an input confidence interval of length 
τ_in. In this case, the LUT derived at Step 2 of 
Algorithm 1 can be extended by patterns that 
are not specified in the statistical data. Given 
a statistical vector B(p1_value) ⋅ B(p2_value) ⋅ 
… ⋅ B(pk_value) added to the LUT, all Boolean 
vectors located not farther than at the distance 
on τ_in from B(p1_value) ⋅ B(p2_value) ⋅ … ⋅ 
B(pk_value) can be also appended to the LUT 
with the same B(UserSatisfaction_value) value. 
As an example, consider an LUT derived for two 
service parameters p1 and p2 such that maximal 
value of each parameter equals 5 and the QoE 
value also ranges from 0 to 5. Consider a statis-
tical pattern (p1_value p2_value, UserSatisfac-
tion_value) = (3 2, 5). This pattern is converted 
into the corresponding Boolean vector (011 
010, 101). If τ_in equals 1, then the vectors 

(011 001, 101) and (011 011, 101), (010 000, 
101) and (100 000, 101), are added to the LUT 
if they do not contradict the existing statistics.

Once a circuit S is derived, the circuit can be 
used for evaluating the QoE of the multimedia 
service. The circuit accepts Boolean vectors as 
inputs representing current values of considered 
parameters and the output is a Boolean vector 
corresponding to an integer that evaluates the 
QoE value. As in this paper we are interested 
in self-adaptive models, we discuss how such 
circuit can be modified if the circuit behavior 
does not match new statistical data that can 
appear when a new end-user agrees to leave 
his/her feedback about the service quality. 
Therefore, the circuit behavior has to be modeled 
under a corresponding input i and if the result 
produced by the circuit differs significantly 
from the expected one then the circuit has to 
be resynthesized. To evaluate the difference 
between the circuit output and the user satisfac-
tion value we introduce some value τ_out that 
represents an output confidence interval, i.e., 
the QoE(W) produced by the circuit S has to 
belong to the interval [UserSatisfaction_value 

Algorithm 1. For deriving an initial logic circuit to evaluate the QoE value
Inputs: Service parameters p

1
, p

2
, …, p

k
 with nonnegative (un-

signed) integer values bounded by M
p1
, M

p2
, …, M

pk
; maximal 

value of the QoE M
QoE

;

Statistics, i.e., feedbacks from experts/users U
1
, …, U

r
 repre-

sented as a list of patterns p
1
_value, p

2
_value, …, p

k
_value, 

UserSatisfaction_value.
Output: a logic circuit S 
1. Determine the number of primary inputs and primary outputs 
of S:

The number of primary inputs equals ]log [
2

1

M
p

i

k

i
=
∑  while the number 

of primary outputs equals ]log
2
M
QoE

[.

2. Derive an LUT for the corresponding statistics. 
2.1 For each user U

i
, i ∈ {1, …, r}, convert its statistic 

scores p
1
_value, p

2
_value, …, p

k
_value, UserSatisfaction_value 

into Boolean vectors and add the corresponding line to the LUT. 
3. Synthesize the circuit S for a system of possibly partial, 
Boolean functions and Return S.
□



Copyright © 2014, IGI Global. Copying or distributing in print or electronic forms without written permission of IGI Global is prohibited.

52   International Journal of Organizational and Collective Intelligence, 4(3), 44-65, July-September 2014

– τ_out, UserSatisfaction_value + τ_ out]. Given 
a new pattern i/o where the vector o represents 
the UserSatisfaction_value for a new user and 
QoE(W) is an integer that corresponds to the S 
output for the input i, if |QoE(W) – UserSatis-
faction_value| ≤ τ_out then the circuit S is not 
resynthesized.

The confidence interval [UserSatisfac-
tion_value – τ_out, UserSatisfaction_value 
+ τ_out] specifies the permissible distance 
between the circuit behavior and new statisti-
cal data. If the QoE(W) value produced by the 
circuit S does not belong to this interval several 
cases are possible:

1.  The input part i of a new statistical pattern 
i/o where o is a Boolean vector for the ex-
pected UserSatisfaction_value, was not in 
the initial LUT (not described in the previ-
ous statistics); and thus, the circuit S was 
not correctly synthesized for a Don’t_Care 
input i. In this case, the new input pattern 
i/o is added to the LUT for the circuit and 
the circuit is resynthesized.

2.  The output of the circuit S for the input i was 
defined in the initial LUT but the output is 
not within the confidence interval. If this 
mismatching is caused by an expert error 
that provides initial statistics, we consider 
an end-user as an expert and resynthesize 
the circuit w.r.t. the new output for the input 
i.

3.  The output of the circuit S for the input i 
is not within the confidence interval and 
this mismatching is due to different end-
user opinions. In other words, for the same 
service parameter values, two different 
users specify the user satisfaction values 
with the difference greater than the con-
stant τ_out. In this case, a problem arises 
of solving a conflict of user opinions. In 
this paper, we do not go deep into solving 
this problem, since the probability of such 
situation is very low when the number of 
service parameters is large enough. Thus, 
we again rely on the last end-user opinion 
and resynthesize the circuit in a correspond-
ing way, presented in Algorithm 2.

Similar to Proposition 1, the following 
statement holds.

Proposition 2: Given a multimedia service 
W, a statistic pattern p1_value, p2_value, 
…, pk_value, UserSatisfaction_value and 
the length τ_out of an output confidence 
interval, a circuit S returned by Algorithm 
2 produces the output B(x), such that | x – 
UserSatisfaction_value | ≤ τ_out when the 
concatenation B(p1_value) ⋅ B(p2_value) 
⋅ … ⋅ B(pk_value) is applied as an input 
vector.

Consider an LUT in Table 1 as the statistics 
gathered from a user and/or an expert for a given 
multimedia service. In this case, the circuit S in 
Figure 1a is a circuit derived for predicting the 
QoE of this service based on statistics provided 
in Table 1. As an example, consider another 
user that agrees to provide a feedback about 
using the multimedia service; then an output 
of the circuit S is computed according to his/
her feedback. If S provides the output that does 
not belong to the user confidence interval with 
τ_out, then the circuit should be resynthesized. 
Consider a score of the user represented as 
Boolean vector (1001)/(10). The circuit S in 
Figure 1a outputs (00) which correspond to 
0 score when an input (1001) is applied and 
thus, the circuit has to be resynthesized taking 
into account this new input/output pair, if the 
length of the output confidence interval τ_out 
< 3. We have performed such resynthesis using 
ABC and obtained another circuit S′ with 17 
gates (Figure 1b).

Additional experimental research is also 
needed to evaluate the optimal length of confi-
dence intervals for different services, since the 
length of both input and output confidence inter-
vals significantly influences both, the prediction 
accuracy and the computational complexity 
which contradict each other. The bigger are 
the τ_in/τ_out values the less resynthesis steps 
are needed, along with reducing the accuracy of 
the circuit prediction. Studying optimal values 
for the length of input and output confidence 
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intervals remains one of challenging topics for 
a future work.

3.2. Using Fuzzy Logic Expert 
Systems for Predicting the QoE 
Value of Multimedia Services

In this section, we describe how a fuzzy logic 
expert system can be learned or trained for pre-
dicting the QoE value of multimedia services. 
Figure 3 represents the basic block diagram of 
the fuzzy logic expert system construction. The 
inputs of the system are service parameter values 
and the output of the system is an estimated 
QoE value. The fuzzifier contains the member-
ship functions for service parameters and the 
fuzzy inference engine contains the collection 
of IF-THEN rules for evaluating the QoE of a 
multimedia service. The defuzzifier performs 
the defuzzification of the aggregated output 
fuzzy set to obtain the single QoE value.

As mentioned above, the intelligence of a 
fuzzy expert system significantly depends on 

the membership functions and inference rules. 
The more accurately the membership functions 
and inference rules are specified the higher 
is the prediction ability of the expert system. 
Therefore, in order to effectively apply the fuzzy 
logic expert system for the QoE estimation, 
one has to carefully specify the membership 
functions as well as the inference rules. In this 
paper, we focus on deriving the membership 
functions and the inference rules based on the 
subjective data set; namely, statistics gathered 
from end-users and/or experts are utilized in 
order to derive the initial fuzzy expert system.

Once a fuzzy logic expert system is derived 
based on the initial statistical data (Figure 3), it 
can be used for the QoE prediction. Neverthe-
less, at any moment of utilizing of such ‘predic-
tion engine’ the system can be updated. More 
formally a feedback loop can be considered in 
the above diagram. In other words, the differ-
ence between the observed output value and the 
QoE provided by end-users can be considered 
as a ‘teacher’ to resynthesize the system, i.e., 

Algorithm 2. For learning the logic circuit that evaluates/predicts the QoE value for multimedia 
service
Inputs: QoE parameters p

1
, p

2
, …, p

k
 with nonnegative values 

bounded by M
p1
, M

p2
, …, M

pk
; maximal value of the QoE M

QoE
;

The circuit S that evaluates the QoE value for multimedia 
service W;
A new user feedback p

1
_value, p

2
_value, …, p

k
_value, UserSatis-

faction_value;
Maximal difference τ_out for a corresponding output confidence 
interval. 
Output: a modified logic circuit S 
1. Integers p

1
_value, p

2
_value, …, p

k
_value, UserSatisfaction_

value are converted into Boolean vectors v_p1, v_p2, …, v_pk, 
v_us.
2. The output QoE(W) of the circuit S is computed for the input 
v_p1, v_p2, …, v_pk. 
3. If | QoE(W) - UserSatisfaction_value | > τ_out then 
3.1 If the line v_p1, v_p2, …, v_pk is specified as an input in 
the LUT, then change the corresponding output to v_us,
Otherwise, 
Add the new line v_p1, v_p2, …, v_pk, v_us to the LUT.
Synthesize the new circuit S′; assign S = S′ and Return S. 
□
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to update the membership functions as well as 
the inference rules. We further discuss how such 
system can be used when estimating the quality 
of a multimedia service. Given a multimedia 
service W and a collection of service parameters 
p1, p2, …, pk that are used for the QoE evalua-
tion, the output QoE of the multimedia service 
is represented by the variable QoE(W).

Each service parameter pi, i ∈ {1, …, k} 
is classified into Aj classes, j ∈ {1, …, l}, and 
a membership function μ pi Aj(x) is derived for 
each class of service parameters. In this paper, 
we use the MOS score (ITU-T Recommendation 
P.800.1, 2006), thus l = 5 and the score belongs 
to the set {excellent, good, fair, poor, bad}. 
Similar classes are considered for the output 
QoE. As mentioned above, the membership 
functions are constructed based on the subjec-
tive data set, i.e., statistical data provided by 
end-users and/or by experts. In this paper, we 

focus on using a so called trapezoidal function 
to derive the membership functions for the fuzzy 
logic expert system. In particular, the Rough 
Set Theory (Pawlak, 2002) is used to generate 
inference rules based on subjective data sets. 
For this purpose, the Rosetta software (Rosetta, 
2009) is used, which is a Rough Set toolkit for 
analysis of datasets to generate inference rules.

In order to estimate the QoE of a multimedia 
service, different patterns (p1_value, p2_value, 
…, pk_value) are submitted to the fuzzy logic 
expert system. The output of the system repre-
sents the QoE value for a multimedia service. 
Below, we provide the algorithm for evaluating 
the QoE value based on the fuzzy logic expert 
system.

There exist various defuzzification tech-
niques (Step 3) (Ross, 1995), for example, the 
centroid method, the weighted average method, 
the maximum method, etc, and, in this work 

Figure 3. A fuzzy logic expert system for QoE estimation
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we use the centroid method. The mathemati-
cal basis of this method relies on the center of 
gravity (COG) that can be expressed by the 
following formula.

Center of Gravity (COG) 

y
x xdx

x dx

i

i

=
∫
∫

µ

µ

( ) •

( )
, 

where y is the defuzzified output, µi(x) is the 
aggregated membership function and x is the 
output variable.

Once an initial machine (a fuzzy expert 
system or a logic circuit) is derived, one may 
use it to predict the QoE value. However, the 
new statistical data can help in ‘upgrading’ the 
system by increasing its prediction ability. To 
improve the fuzzy logic expert system, fuzzy 
membership functions and inference rules are 
updated based on the new subjective data set. 

One may notice that such improvement requires 
a ‘teacher’ to be involved in the machine learn-
ing process. In other words, differently from 
the logic circuit, the fuzzy expert system is 
not adapted automatically when new statistical 
data appear. We further present experimental 
results of comparing fuzzy and logic network 
approaches for the QoE prediction.

4. EXPERIMENTAL RESULTS

In this section, we present the service environ-
ment for the performed experiments as well as 
the experimental results of the application of 
both approaches to a multimedia service that de-
livers a video traffic to an end-user. Taking into 
account the fact that the user/service provider 
is involved in a manual update of the infer-
ence rules, we further compare the prediction 
ability of two approaches. In the case of logic 
circuits, we estimate the performance as well, 
by measuring the time needed for the circuit 

Algorithm 3. For evaluating/predicting the QoE value for multimedia service
Inputs: A multimedia service W, service parameters p

1
, p

2
, …, p

k
 

and their values p
1
_value, p

2
_value, …, p

k
_value;

Inference rules given in the form:  IF <antecedent> THEN <con-
sequent>; 
Membership functions μ pi 

Aj
(x), i ∈ {1, ..., k}, j ∈ {1, ..., 

l}, where x is the service parameter value and A
j
 represents 

different classes of corresponding parameter values. 
Output: The QoE value (QoE)
1. Map the service parameter values p

1
_value, p

2
_value, …, p

k
_

value into the membership functions μ pi 
Aj
(x) and get the mem-

bership value in the fuzzifier.
2. Apply the justified inputs (membership values) taken from 
the fuzzifier to the fuzzy inference rules in fuzzy inference 
engine. 
Rule: IF p

i
 is A

j
 AND IF p

i
 is A

j
 then QoE is A

j
.

The output of the rule evaluation is the consequent membership 
function (output fuzzy set) clipped or scaled to the level of 
the truth value of the rule evaluation. If more than one rule 
is triggered the outputs of all the rules are aggregated into 
the aggregated output fuzzy set.
3. Defuzzify the aggregated output fuzzy set and get a single 
QoE value (QoE) in the defuzzifier.
4. Return QoE value. 
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resynthesis when the wrong circuit behaviour 
has been discovered for some statistical pattern.

4.1. A Service Under 
Experiment and a Subjective 
Dataset Collection

In order to compare logic network and fuzzy 
logic expert system based approaches, we per-
formed experiments with a multimedia service 
that delivers a video traffic to an end-user. 
Experiments have been performed based on 
the following steps: a) constructing a dataset 
of video clips to be presented to end-users; b) 
deriving a subjective dataset with the use of end-
users’ scores; c) using the proposed techniques 
for the QoE prediction.

Step 1: Construction of the video clips with im-
pairments due to impact of the network QoS

We considered six different video contents 
of different type (movie, animation, interview 
and sport) for the experiments. Considered 
videos are of HD (High Definition) quality and 
their characteristics (content, resolution and 
frame rate) are shown in Table 2. Each video clip 
was streamed from a source node to a destina-
tion node and, correspondingly different QoS 
parameters were considered. We used a VLC 
server (source node) to stream a video to a VLC 
client (destination node) and injected the QoS 
parameters through the emulated network using 
the Netem tool (Netem, 2009). We considered 
two QoS parameters (a packet loss rate and a 

jitter) as the network condition indicators. The 
procedure was repeated for all six video content 
types. This combination resulted in a database 
of 228 video clips with different perturbations.

Step 2: Conduction of the video subjective test 
with end-users to obtain a QoS-QoE dataset

In order to derive a subjective test data set, 
we presented the modified video clips (Step 
1) along with the original video clips to end-
users. After watching each video clip, end-user 
participants rated these clips according to the 
perceived impairment providing one of the MOS 
scores (ITU-T Recommendation P.800.1, 2006): 
Excellent (score 5), Good (score 4), Fair (score 
3), Poor (score 2), and Bad (score 1).

We mention that the video clips were shown 
in a closed room in a random order. The dura-
tion of the subjective tests was around 2 hours 
and participants were allowed to take a pause 
of 5 minutes after watching 20 video clips. 
In total, 25 users registered for the test so far, 
which is considered reasonable for this kind of 
subjective tests (Nezveda et al., 2010). Figure 
4 illustrates the experimental environment for 
the subjective tests.

Step 3: Modeling the logic network and fuzzy 
logic expert system using the QoS-QoE 
dataset

Figure 5 illustrates the modeling process 
for logic circuits and fuzzy expert systems. The 

Table 2. Characteristics of video files considered when performing experiments 

Video Content Resolution Frame rate 
(frame per second)

Movie1 1280x544 47

Animation1 1280x720 50

Interview1 1280x720 50

Sport 1280x720 50

Animation2 1980x818 48

Interview2 1280x720 60
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modeling process starts with a subjective test 
where participants are asked to rate different 
videos that contain impairments due to the 
QoS variation. As an outcome of the subjective 
test, the subjective dataset is obtained. This 
dataset provides the QoE values for different 
sets of QoS parameter values, namely, jitter 
and packet loss. The subjective dataset is used 
for the construction and the formulation of the 
membership functions and the inference rules 
for a fuzzy logic expert system as well as for 
the synthesis of a logic circuit. Once the cor-
responding self-adaptive system is derived, the 
QoE value can be predicted by the system for 
any pattern of QoS parameter values.

Both machines were trained/modeled sev-
eral times in order to compare their prediction 
and self-adaptation ability. For this purpose, the 
total subjective dataset was divided into initial 
data set and six different iteration data sets, in 
order to perform experiments estimating the 
machine prediction ability.

4.2. Comparing the Logic 
Network and the Fuzzy Logic 
Expert System Approaches 
for the QoE Prediction

We have considered two service parameters 
when estimating the quality of the multimedia 
service. Those are the jitter and packet loss 
that are objective and can be automatically 
measured. When performing experiments, users 
were asked about their perception of the video 
quality. The jitter and packet loss values were 
automatically injected into the video transmis-
sion ranging from 0 to 20 and from 0 to 2%, 
correspondingly.

When comparing two different approaches 
for evaluating the QoE of the multimedia service 
we have considered 1) the QoE prediction abil-
ity of each approach, and 2) the performance 
of each approach. Both criteria remain crucial 
when estimating the quality of multimedia ser-
vices. The reason is that more and more service 
parameters are taken into account nowadays, 
and, meanwhile, new methods and tools are be-
ing developed to estimate the parameter values 
more precisely. Thus, the size of corresponding 
adaptive models derived to predict the QoE 

Figure 4. The experimental setup for the subjective tests
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value can grow exponentially w.r.t. the number 
of service parameters. Nevertheless, the predic-
tion ability of such system needs to be high, i.e., 
should be thoroughly measured, while at the 
same time the system needs to be scalable. As 
the most ‘hard’ part for the system performance 
is its adaptation, we focus on measuring the 
time needed for the corresponding resynthesis. 
In order to compare the QoE prediction ability, 
we checked if the logic circuit/fuzzy logic ex-
pert system had to be resynthesized when new 
statistical data appeared. As mentioned above 
(Step 3), the whole number of iterations in the 
experiments was equal to 6, i.e., after the initial 
circuit/expert system had been constructed, new 
statistical data were taking into account exactly 
six times. A number N of patterns where the 
machine (a logic circuit or an expert system) 
behaved incorrectly was calculated and was 
considered as one of indicators to measure 
the machine prediction ability. For the sake of 
‘clear’ comparison, we were interested in an 
absolute value of such indicator and thus, we 
did not consider any output confidence interval. 
Moreover, when evaluating and comparing the 
QoE prediction ability for both approaches we 
were interested in an average distance D be-

tween the QoE value produced by the machine 
and UserSatisfaction_value specified in the 
new statistical data. For example, if the new 
statistical data contain two patterns (p1_value, 
p2_value, UserSatisfaction_value) = (3, 2, 5) and 
(p1_value, p2_value, UserSatisfaction_value) = 
(2, 1, 3), and the current machine produces the 
QoE values 2 and 5, correspondingly, then the 
average distance D = (|5 – 2| + |3 – 5|) / 2 = 2.5.

Besides the QoE prediction ability, we 
evaluated the performance when adapting the 
logic circuit for the QoE prediction. In this case, 
whenever the corresponding machine had to 
be resynthesized after the new statistical data 
appeared, the time of such redesign had been 
measured. Below, we present the results of 
corresponding experiments with the multime-
dia service for both, Boolean and fuzzy logic 
based approaches.

4.2.1. Experimental Results for 
the Logic Circuit Based QoE 
Prediction for Multimedia Services

The initial statistics contained 26 vectors with 
a jitter ranging from 0 to 20 and a packet loss 
ranging from 0 to 2%. We introduced an input 
confidence interval when applying Algorithm 1 

Figure 5. Modeling the process of the QoE prediction for logic circuits and fuzzy expert systems
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to derive the initial circuit S. In this case, the τ_in 
varied for different input vectors of the circuit 
under design. All initial vectors B(p1_value) 
⋅ B(p2_value) ⋅ … ⋅ B(pk_value) added to the 
LUT had been ordered lexicographically and 
for each pair of neighbor vectors the τ_in value 
had been calculated. Given two input neighbor 
vectors i1 and i2, the τ_in value is the absolute 
integer distance between those vectors divided 
by two. For example, for the input vectors (011, 
011, 101) and (011, 000, 100) the τ_in equals ] 
(3 – 0) / 2 [ = 1, and two vectors are added to the 
LUT, i.e. (011, 010, 101) and (011, 001, 100).

Having calculated necessary input con-
fidence values for inputs, we respecified the 
circuit behavior and got 218 patterns in the 
corresponding LUT. This LUT was specified in 
the PLA format and the ABC tool has been used 
to derive the initial circuit S. The time needed 
for such logic synthesis was equal to 0.991 s.

When new statistical data arrived, i.e., 
the first comparison iteration was executed, a 
wrong behavior of the circuit S was observed 
for N = 9 input vectors. The average distance 
D between the User_Satisfaction value and 
the QoE produced by the circuit S was equal 
to 12/9, D = 12/9 ≈ 1.33. The circuit had been 
resynthesized and the timed needed for such 
resynthesis with the use of ABC was 1.112 s.

For the second iteration, i.e., for the new 
statistic data occurred at the second step, the 
circuit S already resynthesized once, behaved 
incorrectly for 10 input vectors. However, 
the average distance D in this case slightly 
decreased, namely D = 12/10 = 1.2. The time 
spent for the circuit resynthesis decreased as 
well and was equal to 0.946 s.

During the third iteration, the number N of 
‘misbehaving’ vectors decreased together with 
the average ‘misbehaving’ distance D. In fact, N 
got equal to 9 and D was equal to 10/9, i.e. D = 
10/9 = 1.11. Nevertheless, the better prediction 
ability did not decrease the resynthesis time 
that was 1.106 s.

At the forth iteration the N value did not 
change, i.e., N = 9, while the average distance 
between the QoE produced by the resynthe-
sized circuit and the User_Satisfaction value 

increased slightly. In this case, D = 12/9 ≈ 1.33 
and the time for the resynthesis was 1,178 s.

During the fifth and the sixth iterations, one 
may clearly conclude the circuit starts increasing 
its prediction ability. This fact is proven by a 
number N of ‘misbehaving’ vectors that during 
the fifth iteration decreased up to 7 while after 
another resynthesis this number got equal to 5. 
The D value had been increased during the fifth 
iteration, D = 12/7 ≈ 1.71, but it went down after 
another resynthesis and became equal to 6/5 = 
1.2. The time needed for the circuit resynthesis 
during the fifth and the sixth iterations was 0.947 
s and 1.121 s, correspondingly. Experimental 
data for the multimedia service are represented 
in Table 3. One may notice that the number of 
‘misbehaving’ vectors decreases on average, 
however, various fluctuations take place. The 
latter means that the logic circuit stabilizes 
from iteration to iteration being trained with the 
new statistical data. On the hand, the average 
distance D between the ‘real’ QoE value and 
the value produced by the logic circuit remains 
almost the same and is close to one.

4.2.2. Experimental Results 
for the Fuzzy Logic Expert 
System Based QoE Prediction 
for Multimedia Services

Similar to the case of logic circuit training, the 
initial statistics for the fuzzy expert system 
contained 26 vectors with a jitter ranging from 
0 to 20 and a packet loss ranging from 0 to 2%. 
The initial fuzzy expert system was derived 
with the use of inference rules and membership 
functions. The inference rules were generated 
using the rough set theory and the membership 
functions were derived based on the initial sta-
tistics, i.e., on the subjective data set. Figures 
6 and 7 represent membership functions for 
packet loss and jitter while Figure 8 represents 
the output QoE membership function.

A membership function curve values rep-
resent the degree of how ‘much’ a particular 
QoS parameter belongs to a given QoE class. 
The highest degree corresponds to the member-
ship value that equals 1. As mentioned above, 
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when performing experiments we derived the 
membership functions based on the observa-
tion of subjective data sets. In this case, the 
trapezoidal fuzzy set represents the membership 
functions for different QoS parameters. Based 
on the diagram in Figure 6 one may conclude 
that participants provided excellent scores of 
the quality when the packet loss value varied 
from 0% to 0.02%, while for the packet loss 
values between 0.02% and 0.03% the scores 

were between excellent and good. Therefore, 
for the packet loss value from the interval [0, 
0.02] the degree of membership equals 1 for the 
‘excellent’ class. All the packet loss values from 
the interval [0.02, 0.03] share ‘excellent’ and 
‘good’ classes with the degree of membership 
between 0 and 1. Corresponding membership 
functions derived for the packet loss and the jitter 
of the videos under experiment are presented 
in Figure 6 and Figure 7.

Table 3. Experimental Results For The Logic Circuit Based Approach For The Qoe Prediction 
Of The Multimedia Service 

Iteration # N D Time (s)

1 9 1.33 1.112

2 10 1.2 0.946

3 9 1.11 1.106

4 9 1.33 1,178

5 7 1.71 0.947

6 5 1.2 1.121

Figure 6. The membership function for the packet loss (%)



Copyright © 2014, IGI Global. Copying or distributing in print or electronic forms without written permission of IGI Global is prohibited.

International Journal of Organizational and Collective Intelligence, 4(3), 44-65, July-September 2014   61

Figure 7. The membership function for jitter (millisecond)

Figure 8. The membership function for QoE (MOS)
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The first comparison iteration was executed 
w.r.t. the initial fuzzy expert system. The sys-
tem behaved incorrectly on N = 8 number of 
patterns. The average distance D between the 
User_Satisfaction value and the QoE produced 
by the expert system was equal to 1. Since the 
value of N was very high, the fuzzy expert 
system was updated by changing the rules 
and membership functions to correspondingly 
adapt a new dataset (i.e., the first comparison 
iteration). We mention that these changes were 
performed manually. The reason is that no tool 
support is available to make any automatic 
update of inference rules and membership func-
tions as such system learning procedure requires 
a ‘teacher’ to be involved.

For the new statistic data at the second 
step, the fuzzy logic expert system already 
resynthesized once, behaved incorrectly for 5 
input vectors, which is better than at the first 
iteration. Moreover, in this case, the average 
distance D slightly decreased up to D = 0.7. 
Again, the fuzzy logic expert system was up-
dated w.r.t. the new statistical data.

During the third iteration, the number N of 
‘misbehaving’ vectors increased together with 
the average ‘misbehaving’ distance D. In fact, 
N got equal to 9 and D was equal to 1.44. To 
adapt to the new scenario (the third iteration of 
the data set), the fuzzy logic expert system was 
resynthesized again.

During the fourth iteration, the number 
N of ‘misbehaving’ vectors decreased along 
with the average ‘misbehaving’ distance D. In 
particular, N = 2, and D = 0.610. This indicates 

that the system started to have the better predic-
tion ability after the fourth iteration.

During the fifth and the sixth iterations, the 
fuzzy system remained stable w.r.t. the predic-
tion ability, i.e., the number N of ‘misbehaving’ 
vectors decreased to 3. However, the D value 
remained between 0.65 and 0.7. Experimental 
results are presented in Table 4.

We mention again that differently from 
the logic circuit based approach for the QoE 
prediction, the time needed for the resynthesis 
was not evaluated for the fuzzy expert system. 
The reason is that the procedure of adapting 
the rules and membership functions was done 
manually.

4.3. Summary Of The 
Experimental Results

Experimental comparison of two approaches 
used for the QoE prediction of the multimedia 
services allows to draw some conclusions about 
advantages and disadvantages of using logic cir-
cuits and fuzzy expert systems for this purpose.

One may study Tables 3 and 4 to conclude 
that both machines are stabilized at some 
point when predicting the QoE value for the 
multimedia service. However, in both cases, 
fluctuations take place that can be caused, for 
example, by a mood of an end-user involved 
into the statistics gathering.

When comparing the prediction ability 
of both techniques, one may conclude that 
the fuzzy logic expert system ‘shows’ better 
results than the logic circuit. The number N of 

Table 4. Experimental results for the fuzzy logic expert system based approach for the qoe pre-
diction of the multimedia service 

Iteration # N D

1 8 1.00

2 5 0.702

3 9 1.44

4 2 0.610

5 3 0.676

6 3 0.699
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‘misbehaving’ vectors evaluated at each itera-
tion indicates that fact. Moreover, the fuzzy 
expert system starts to stabilize faster, namely, 
the fourth iteration made the system predict 
the QoE value ‘almost’ with no mistakes. The 
average distance D between the ‘real’ QoE 
value obtained from end-users and the QoE 
value produced by both machines is almost 
the same for both systems. Moreover, this 
distance is almost equal to one at each step of 
experiment. The latter means, that the output 
confidence interval with the distance τ_out > 
1 should be sufficient for a clear prediction of 
a User_Satisfaction.

When comparing the performance of the 
two approaches for the QoE prediction, the logic 
circuit based approach ‘wins’ with no doubts. 
The reason is that the fuzzy expert system has to 
be manually resynthesized when ‘misbehaving’ 
patterns are detected. As for the logic circuit, 
such resynthesis can be effectively performed 
with the use of scalable tools developed for 
the logic synthesis, such as ABC, for example. 
Moreover, with the use of this tool the time 
needed for resynthesis almost never exceeds 
a second.

In other words, both systems have their 
own advantages. Correspondingly, based on 
the obtained experimental results a service 
provider can make his/her decision which ap-
proach is more suitable compromising between 
the machine scalability and its prediction ability 
at the same time.

5. CONCLUSION

In this paper, we have discussed two approaches 
for the QoE prediction of the multimedia 
services. Both approaches are based on logic 
formulae and their scalable representations. 
The Boolean logic formula is represented as a 
logic circuit while the fuzzy logic formula is 
represented by a corresponding expert system. 
Experimental results with an available multi-
media service prove the effectiveness and ap-
plicability of both methods when evaluating/
predicting the QoE value.

Experiments clearly prove the scalability of 
the use of logic circuits to predict the QoE value 
of the multimedia services. Meanwhile, fuzzy 
logic expert system requires a manual update of 
membership functions and inference rules and 
thus, the logic circuit approach ‘wins’ w.r.t. the 
performance factor. However, the accuracy of 
the QoE prediction is shown to be higher for 
the fuzzy logic expert system than for the cor-
responding logic circuit. Therefore, there is a 
trade-off between both approaches that a service 
provider faces in any case; in other words, one 
should compromise between the scalability of 
the logic circuit based approach and the accuracy 
of the fuzzy logic expert system.

More experimental results are needed to 
estimate the prediction ability as well as the 
performance for other services, for instance, 
for web services. Moreover, as the quality 
becomes a necessity for service compositions, 
especially those that are used in a Cloud, 
additional research is needed to estimate ap-
proaches for predicting the QoE of service 
compositions. Multimedia/web services and 
their compositions are planned to play a crucial 
role in the future Internet of Things and thus, 
new experiments should be performed in order 
to estimate the quality of the corresponding ser-
vices and to draw a conclusion about ‘potential’ 
self-adaptive models that can be used for this 
purpose. Moreover, in the area of Clouds and 
the Internet of Things, other quality metrics can 
be also considered for further quality evalua-
tion. These problems, as well as many others, 
remain for the future work.
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