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Abstract Quality of Experience (QoE) parameters describe the end-to-end (E2E)
quality as experienced by the mobile users. These are difficult to measure and quan-
tify. On the one hand, System Quality of Service (SQoS) parameters are metrics that
are close related to the network status, and defined from the viewpoint of the ser-
vice provider rather than the service user. On the other hand, E2E Service Quality of
Service (ESQoS) parameters describe the QoS of the services and they are obtained
directly from the QoE parameters by mapping them into parameters more relevant to
network operators, service providers and mobile users. A useful technique for mobile
network planning and optimization is to build quality estimation models for mobile
voice and video telephony service. Our research is focused on developing statistical
estimation models extracted by measurements acquired via a drive-test measurement
campaign of a commercial UMTS multimedia network. Regression estimates, com-
puted with a robust optimization strategy, suggest a weaker dependence between the
SQoS and ESQoS parameters and connect the strength of the dependence with the
accuracy of the measurements used to compute the estimates.
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1 Introduction

Mobile user experience (mUX) is a holistic perspective to how a mobile user feels
about using services providing by wireless networks. This term is subjectively de-
scribed by factors influenced by user’s state and previous knowledge, network prop-
erties and usage context [1]. Therefore, mUX is a field where studies are rapidly exe-
cuted and lean prototypes are quickly built and explored with users to evaluate the po-
tential for new services. Whilst, mUX highlights subjectively the experiential user to
mobile network/service interaction, various performance evaluation algorithms have
been developed for objective E2E quality characterization. Network-based SQoS and
service-based ESQoS are defined in ETSI TR 126 944 [2] and they are important
factors when providing multimedia services to mobile customers [3]. Both network
monitoring systems as well as on-the-field or emulation measurement campaigns [4]
are useful in radio network planning and optimization. Indeed, measurements can be
utilized in content delivery systems [5], energy saving in smart devices [6], cell selec-
tion [7] and human movement estimation [8]. Since network planning today is based
on coverage prediction from planning soft-tools, taking into account factors like base
station antenna heights, tilts and directivity, cell interference and topography of the
terrain, the predicted coverage area is always based on a certain value of SQoS param-
eters. Consequently, ESQoS prediction is one of the most significant research areas
in mobile computing technologies [9,10, 11]. Advanced statistical analysis, such as
linear and non-linear regression modeling, has been used in order to build predic-
tion models [12] for the simulation a VoIP mobile network. Moreover, regression
and logarithmic models are proposed in [13, 14] for QoE prediction. Beyond the sta-
tistical approach, adaptive neuro-fuzzy inference [15,16] and modern data mining
algorithms [17, 18] have been employed.

Robust optimization [19,20] has been increasingly used in mathematical opti-
mization as an effective way to immunize solutions against data uncertainty. If the
true value of a problem’s data is not equal to its nominal value, the optimal solution
computed using the nominal value might not be optimal or even feasible for the true
value. Robust optimization considers uncertainty sets for the data of a problem and
defines solutions that are immune to such uncertainty. In linear optimization prob-
lems, box-type uncertainty sets [21], and ellipsoidal uncertainty sets have been con-
sidered. In linear, as well as mixed integer optimization problems, robust counterparts
with budgeted uncertainty sets that connect the uncertainties developed by the coef-
ficients of the constraints have been efficiently solved [22]. The robust optimization
paradigm has been successfully applied to regression and classification problems to
deal with uncertainty in the statistical data and has been connected with regularized
regression models [23]. Moreover, a robust risk measure with reference to a family
of nominal risk measures as well as a robust version of the Conditional Value-at-Risk
(CVaR) and of entropy-based risk measures are defined in [24,25].

Extending our first approach on the problem [26], we propose a robust optimiza-
tion framework for multimedia QoS estimation which is based on a drive-test E2E
measurement campaign of live UMTS/3G network with SwissQual Diversity Bench-
marker [27] as it is depicted in Fig. 1.
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Fig. 1 Multimedia QoS prediction strategy based on drive-test measurement campaign of a live UMTS/3G
multimedia network with robust optimization.

Moreover, specifications on quality of mobile phone services are in details de-
fined in ETSI TS 102 250, parts 1-7 [28]. Test video calls are established between the
probing system and the fixed/server-side and test voice/video samples are exchanged;
while full logging and all layers decoding (RF, L2/L3, TCP/IP) are executed on real
time. Afterwards, measurement files both from test-handset and multimedia server
sides are merged and processed with NetQual NQDI, a compatible post-processing
software for in depth analysis of mobile video telephony service, protocol analysis
and quality assessment. Microsoft SQL Server is used for querying data of ESQoS and
SQoS key parameters from the created geospatial-temporal measurements database.
Using MATLAB [29] for statistical analysis and SeDuMi [30] for optimization prob-
lems solution, QoS non-linear prediction models are proposed.

The rest content of this paper is organized in five sections. Section 2 reviews
radio-SQoS key performance indicators (KPIs) of commercial mobile networks as
well as modern ESQoS aspects regarding voice and video telephony services. Fol-
lowingly, Section 3 focuses on the concept of regression analysis and the significant
contribution of robust optimization for multimedia quality estimation. Furthermore,
Section 4 quotes a useful method of evaluating the robust optimization based models.
Finally, the conclusions Section 5 discusses the major endowment of our research
work on statistical prediction of objective ESQoS.
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2 Quality in Mobile Multimedia Networks
2.1 SQoS in mobile networks

GSM is a cellular mobile communication network operating in 800 MHz (known
as GSM900) and 1800 MHz (known as DCS1800). The communication system sup-
ports adaptive multi rate (AMR) speech codecs. So, EFR (Enhanced Full Rate), AMR
FR (Full Rate) and AMR HR (Half Rate) codecs are used in speech telephony ser-
vice. The main radio parameters of a GSM EDGE Radio Access Network (GERAN)
according to ECC Report 118 [31] are:

— RxLev is the received (Ry) signal strength level on serving cell measured, in dBm.
— RxQual is the received (Ry) signal quality on serving cell. It is a value between 0
(excellent) and 7 (bad) and corresponds to the estimated BER.

A UMTS network is based on WCDMA (Wideband Code Division Multiple Ac-
cess) radio access technology and consists of a radio access network (RAN) and
a core network (CN) [32]. RAN basically consists of RNCs (Radio Network Con-
trollers) and NodeBs (base stations) that are connected with UEs (User Equipments).
The CN can be interconnected to various backbone networks like IP-networks (In-
ternet) public fixed telephone networks (ISDN/PSTN). The ECC Report 103 [33]
presents details for a UMTS coverage measurements methodology in order to char-
acterize the quality of radio network coverage, specifically:

— RSCP (Received Signal Code Power) is the received power on one code mea-
sured, in dBm, on the pilot bits of the P-CPICH (Primary Common Pilot Chan-
nel).

— E./(Iny+Np) is the ratio, in dB, of the received energy per chip, E,, to the total
received energy or the total interference, I, plus noise, Ny. In case no true inter-
ference is present, the interference level is equal to the noise level. The signal-to-
interference ratio E /I is actually used instead of the E./(Ip+Ny). Due to the fact
that the interference level can be higher than the wanted signal level, especially
at the coverage border, the value of E./Ij is usually negative.

— RSSI (Received Signal Strength Indicator) is a value that takes into account both
RSCP and E/Ij. It is usually measured in dBm and can be calculated as:

RSSI[dBm) = RSCP|dBm) — E../Io[dB] (1)

We note that E./I is the most crucial radio quality parameter and we consider in the
rest paper that it is identical to the SQoS.

Fourth generation (4G) or LTE (long term evolution) radio access networks (e-
UTRAN) provide broadband services beyond telephony. The basic radio KPIs are
described in [34]:

— RSRP (Reference Signal Received Power) is the linear average, in dBm, over the
power contributions of the resource elements that carry cell-specific reference
signals within the considered measurement frequency bandwidth.
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— E-UTRAN Carrier RSSI is the linear average, in dBm, of the total received power
observed only in OFDM symbols containing reference symbols over N number
of resource blocks (RBs) by the UE from all sources.

— RSRQ (Reference Signal Received Quality) is the ratio, in dB, (N x RSRP/RSSI).

Nowadays, mobile operators operate GSM networks coupled with UTRAN, as
well as coupled with e-UTRAN. Beyond 4G communications, like LTE-Advanced or
5@, will deliver mobile services to QoE demanding users.

2.2 ESQoS of Mobile Multimedia Services

Mobile telephony is a multimedia service provided by UMTS networks where a
64 kbps (12.2 kbps and 50 kbps for voice and video coding respectively) trans-
port channel is dedicated for video communication. SQuad and VQuad algorithms,
launched commercially by SwissQual, can be used for full reference perceptual voice
and video quality assessment in MOS (Mean Opinion Score) scale; or ESQo0S,ice
and ESQoS,;4..- More specifically, guidelines for the use of video quality algorithms
for mobile applications are presented in ETSI TR 102 493 [35]. For the scope of our
research, we use the most popular indices PESQ (Perceptual Evaluation of Speech
Quality) [36] and PSNR (Peak Signal-to-Noise Ratio) [37,38] as objective methods
for E2E voice and video quality measurement between the original voice or video
sample sent and the signal received. If p is the dynamic range of allowable bits per
pixel, for two X X ¥ monochrome images s; and §; (which are noisy or distorted of
sx) and K frames in the sequence, PSNR is computed as

(27 —1)?
PSNR = 10- - 2
S 0 10810< VSE 2

where

T D X sk (xy) — 5,y 3

B X-Y-K )
Also, video quality, ESQo0S,ije0, is computed with simple linear regression of

PSNR, or

MSE

ESQo0S,igeo = a-PSNR+ b, “)

In Table 1, we computed SQoSyigeo (given objective MOS) versus PSNR values
(given in dB). So linear, polynomial, exponential, power and logarithmic regression
models are presented in Fig. 2.

An other image quality indicator is structural similarity (SSIM) [39] which is
computed in fixed windows of one picture. SSIM measurement, SSIM (x,y), between
two windows x and y of the same size N x N is:

(2uctty +c1) (204 +c2)
(HE+p}+ci)(of+0f+c2)

SSIM (x,y) = 5)

where, L, and p, are the mean values of x and y respectively, o2 and O'y2 is the standard
deviation of x and y respectively, Oy, is the correlation of x and y, ¢ = (k;L)? and
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Table 1 Regressions on ESQo0S,4eo (given objective MOS) vs. PSNR values(given in dB).

Type Regression

Linear v =0.168x—2.759

Polynomial ~ y = —5-10"*x>+0.198x—3.183
Exponential  y = 0.138 exp?-00%

Power Y =4.10"4x266

Logarithmic ~ y =4.6591Inx —13.577

Regressions on ESQoS, ,

(given objective MOS) vs. PSNR values.

linear
= = = polynomial
—O— power
—()— exponential

—1— logarithmic
T
28 30

24 26
PSNR(dB)

Fig. 2 Regressions on ESQoS,igeo (given objective MOS) vs. PSNR values(given in dB).

¢z = (kpL)? are two variables that stabilize the division with small devider, L =28 —1,
where is the number of bits per pixel, ki = 0.01 and k, = 0.03.

Multimedia quality [40], ESQo0S,,n, is suggested in ITU-P.911 [41] to be com-
puted ignoring the /ip-sync effect or audiovisual synchronization. So, ESQoS,,,, can
be estimated from voice and video quality, as

ESQoSum = c1+c2- ESQ0Sypice - ESQ0Syideo (6)

ESQoSym = ¢1+¢2 - ESQ0S,pice - (a- PSNR+b) @)

where {c1,c2} = {0.1925,0.7650}.

The assessment of a ESQoS indicator is made by comparing the original voice/video
samples transmitted by the calling party {S;}?_,, with the corresponding degraded
received samples, {fi}?zl, at the called party by applying the objective assessment
algorithm, PESQ and PSNR for voice and video quality respectively. The ESQoS
indicator is computed by an evaluation function fisos;

ESQoS; = fuos(Si,Si). ¥

The structure of a typical ESQoS measurement campaign is presented in Fig. 3,
where both test voice and video samples are exchanged between the drive-test mea-
surement equipment and the mobile network (or multimedia server side). To sum
up, ESQoS is computed by applying full reference objective evaluation algorithms;
PESQ and PSNR for voice and video quality respectively.

A set of graphs in Fig. 4 shows regressions on ESQoS,;c. (given objective MOS)
versus SQoSgsy values (RxLev given in dBm) for various values of RxQual in case
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Fig. 3 Structure of a ESQoS measurement campaign. Test voice and video samples are exchanged between
the drive-test measurement equipment and the mobile network (or server side). ESQoS is computed by
applying full reference objective evaluation algorithms.

of GSM(900 MHz)/DCS(1800 MH?) telephony. Besides, the graphs in Fig. 5 depict
regressions on ESQoS,ic. (given objective MOS) vs. SQoSgsy values (RxLev given
in dBm) in case of speech codecs (EFR, AMR FR, and AMR HR) for GSM/DCS
telephony.

In depth analysis, regressions on ESQo0S,ic. (given objective MOS) vs. SQoSGsm
values (RxLev given in dBm) in case of speech codecs (EFR, AMR FR and HR)
for GSM and DCS telephony for downlink (DL) and uplink (UL) are shown in
Figs. 6 and 7.

Table 2 Regressions on ESQoSyvice (given objective MOS) vs. SQoSyurs values (Ec /Iy given in dB) in
case of UMTS telephony.

Type Regression
Linear DL: y = 0.033x +4.030
UL: v = 0.035x +4.059
Polvnomial Pl ¥ =57 1073x% —0.045x +3.786
4 UL: y = —2.1-103x2 4 0.008x + 3.976
DL: y = 4.172[x[ 0%
Power UL: y = 4.364[x| 0077
. DL: y = 4.046exp? ™
Exponential UL: y = 4.137 exp0014
Logarithmic DL: y = —0.173In[x[ + 4.138

UL: y = —0,2021n|x| +4.201

A holistic approach of E2E quality performance in voice and video telephony
of UMTS operating networks is depicted in the set of the following graphs. Fig. 8
presents regressions on ESQoS,ice versus SQoSyyrs values (E. /Iy given in dB) for
classic AMR coded telephony. The model equations are presented in Table 2. Subse-
quently, the regressions on ESQo0S,ices ESQ0Syideo, and ESQoS,,, (given objective
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Fig. 4 Regressions on ESQoS,ice (given objective MOS) vs. SQoSgsy values (RxLev) and in case of
RxQual levels for GSM telephony.
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Fig. 5 Regressions on ESQoS,ic. (given objective MOS) vs. SQoSgsy values (RxLev given in dBm) in
case of speech codecs for GSM telephony.
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Fig. 6 Regressions on ESQoS,ice (given objective MOS) vs. SQoSgsy values (RxLev given in dBm) in
case of speech codecs for GSM (900 MH?) telephony.

MOS) versus SQoSyurs values (E./Iy given in dB) in case of speech codecs for
UMTS video-telephony are shown in Fig. 9. Specifically, the model equations are
presented in Table 3 for speech, video and multimedia prediction models. It is noted
that AMR and MPEG4 codecs is used for speech and video coding respectively, while
multimedia quality has been computed according to the Eq. (7).
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Fig. 7 Regressions on ESQoS,ic. (given objective MOS) vs. SQoSpcs values (RxLev given in dBm) in
case of speech codecs for DCS (1800 MH?z) telephony.

3 ESQoS Estimation with Robust Optimization

For statistical estimation of ESQoS from SQoS, equivalently ESQoS(SQoS), regres-
sion models that have been presented in the previous section can be expressed under
the generic form

F(ESQoS) = Bg(SQoS) +& ©)

for some f, g: (0,4o0) — R that are strictly increasing. By specifying f and g, we
derive the four regression types described in Table 4. In particular, we get

— linear model for
F(ESQoS) = ESQoS, and
2(SQo0S8) = SQoS.
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Table 3 Regressions on ESQoS (given objective MOS) vs. E,. /Iy(given in dB) for UMTS video-telephony.

ESQoSyoice ESQO0Syideo ESQoSmm

Model / Equation Dir. o o o (053 a [0%)

Linear DL  0,1403  4,5505 0,0020 2,1370 0,0551  2,6206
ESQoS = o -SQoS + o UL 0,1526 4,5191 0,0159 22332 0,0703 2,6802
Exponential DL 47898 0,0440 19680 0,0039 2,5920  0,0250
ESQoS = oy -exp(oz -SQoS) UL 5,0536  0,0600 2,1618 0,0080 2,7653  0,0380
Logarithmic DL 08680 52464 0,0070  2,1371  0,3370  2,8878
ESQoS =0y -In(op-[SQoS|) UL 08610 5,1330 0,0820 2,2836  0,3800  2,9340
Power DL 59462 0,2720 19261 0,0255 29261 0,1530
ESQoS = o - |SQoS|* UL 64116 03360 22225 0,0430 3,1947 0,2100

Regressions on ESQOSS;CE (given objective MOS) vs. Ec/\D Regressions on ESQOS"IJUL‘EE (given objective MOS) vs. Ecll0

2.6 : b — linear i ' ‘ —linear
24 -O- power 2.6 ~-O—power
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SQoS [E /I, (dB)] SQoS [E /I, (dB)]
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Fig. 8 Regressions on ESQ0Syice V8. SQoSymrs values (E. /Iy given in dB) in case of UMTS telephony.

— the logarithmic model for
S(ESQoS) = ESQoS, and
2(SQoS) = In(SQoS).
— the exponential model for
f(ESQoS) = In(ESQoS), and
g(SQoS8) = SQoS.
— the power model, for
f(ESQos) =In(ESQoS), and
g(SQoS) = In(SQoS).
The estimates for  and € can be computed through non-linear regression or linear
regression giving almost identical results.
Note that the exponential regression method can be derived by

ESQoS = exp (B -SQoS+¢€)
= In(ESQoS) = B-SQoS+¢. (10)

Eq. (11) computes the rate of change of ESQoS to SQoS depicts the dependence
between service/mUX and network/system KPIs.

JESQoS
dSQoS
9ESQoS
dSQoS

=B -exp(B-SQoS+e¢)

= B-ESQoS. an
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Fig. 9 Regressions on ESQ0S,pice, ESQ0Syideo, and ESQoS,,, (given objective MOS) vs. SQoSymrs val-
ues (E. /Iy given in dB) in case of speech codecs for UMTS video-telephony.

Given a measurements set { ESQoS;, SQoS;}}_, the estimates are the optimal solution

of the minimization problem below

n
min
Be i

[f(ESQoS;) — (B - 8(SQoS;) +¢)]*.

12)

Due to the fact, that the experimental data that are used have usually limited
accuracy, we propose to employ the robust optimization approach. We assume that
that data SQoS; incorporate errors and that their true value resides in a p-sized interval
centered at SQoS;, p > 0. The robust estimates are the optimal solution to the min max
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Table 4 ESQoS-SQoS relationships for investigation.

Model Type  ESQoS-SQoS relationship ~ Functions Partial differential equation

F(ESQoS) = ESQoS

Linear ESQo0S = SQ0S . 5008 2 5008 IESQ0S = 9SQ0S
Power In(ESQoS) o In(SQoS) g ((55%5111&(55303) ILS00S ox 93008
Exponential  In(ESQoS) «< SQoS g((gggssi? énO(SESQoS) 3EESSQQ00SS o< dSQoS
Logarithmic ~ ESQoS o log(SQoS) g((ggoQS(‘J)SLTOEgSQQ(;i) 0ESQoS = ‘;SSQ%{;?

problem of Eq. (13).

min max Z[f(ESQoS,-) —(B-g(x))+ €)%

B.e Vi |xi—SQoSi|<p =
Given that g is strictly increasing, the constraint

Vi:|xi—SQoSi| <p
< 8Q0S; —p < xi < SQoS;i+p 13)
is equivalent to
Vi: g(SQoS; — p) < g(xi) < g(SQoS; +p) (14)
We define

p :=max; max(g(SQoS;+ p) — g(SQ0S;),8(SQ0S;) — g(SQoS; —p))  (15)

and we consider the more conservative constraint:

Vi: g(SQoS;)—p < gxi) < g(SQoSi)+p (16)
S Vilglxi) —g(SQoSi)| < p. (17

We approximate Problem (13) using this more conservative constraint, i.e. we solve

n

min max Y [f(ESQoS;) — (B -g(xi) +€)]* (18)

Be i 3

The inner maximization problem constraints can be expressed as ||z — 2z~ < P,
where || - || is the infinity norm and z, zo are the vectors which contain the g(x;),
g(SQ0S;), respectively. The resulting problem

rgin max i[f(ESQoS,‘)f(ﬁ zi+e) (19)

€ Vi |lz-2olle<p i I

is equivalent [42] to

[f(ESQ0S;) — (B - 8(SQoS:) +€))> + p|B| (20)

™=

min
B.e i=1
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which is the Least Absolute Shrinkage and Selection Operator (Lasso). Using Se-
DuMi, we computed the robust estimates for 8 and € for various values of the size
p of the uncertainty set. SeDuMi, developed by Sturm [43], implements the self-dual
embedding technique for optimization over self-dual homogeneous cones and solve
optimization problems with linear, quadratic and semidefiniteness constraints. A re-
cent presentation of SeDuMi package can be found in [44].

Figs. 10 and 11 present voice and multimedia ESQoS estimation models where
robust optimization is applied in non-linear regression for various values of parame-
ter p > 0. In case of p = 0, there is a linear regression. It is depicted that as the size
of uncertainty p increases, § drops, namely the robust estimates suggests a weaker
dependence between ESQoS and SQoS. This weaker dependence is compensated by
the fixed term €. Thus, in the presence of errors, one should be more conservative
in the prediction of ESQoS for a given SQoS. The rate of change for ESQoS with
respect to SQoS estimated by linear or non-linear regression is too optimistic in the
presence of errors. The regularized estimator of Eq. (20) takes this phenomenon into
consideration by adding the trade-off term p |B]|. That is, the intensity of the depen-
dence is connected to the expected size of the errors in the measurements. Larger
errors require a larger increase in the SQoS parameters to achieve a certain level of
ESQoS.

The robust estimator assumes that the data which are used in training contain
errors. Thus, it tries to fit not only the actual data points, but the whole region sur-
rounding them as well. The objective function of the estimation optimization prob-
lem, which is the mean squared error in our case, is minimized for all these regions.
This is done in order to ensure a low value for the mean squared error not only for
the data points, but for all these regions, which contains the possible values for the
real data points in the presence of errors. Of course, this is done by increasing the
mean squared error value for the actual data points, since the objective function is
replaced by its worst-case counterpart. Given that our data sets are highly likely to
contain errors, the robust estimators lead to safer and more conservative estimations.

4 Evaluation Method

We present the evaluation method to test our robust-optimization-based estimators
for the prediction of ESQoS via SQoS. Define:

yi = f(ESQoS;) 2D
x; = (SQoS;) (22)
to be the values which are going to be linearly regressed, where i = 1,...,n.
Divide the samples in & clusters Sy, ...,S; using k-means clustering.

Then, repeat the following procedure m times (the iteration runs on j):

— For each i, randomly assign half of the samples in S; to the training set R; and
half of them to the testing set 7;,i = 1,...,k.

— Compute the (nominal) linear regression estimate ( B ,€) on the training set R;.
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— Compute the robust linear regression estimate (ﬁp,ép) on the training set R; for
various values of p > 0.
— Compute the performance of the nominal estimate on the testing set 7:

Wi = Y (vi—Bxi— &) (23)

i€T;

— Compute the performance of the robust estimate on the testing set T;:

ij = Z (J’i - ﬁpxi - ép)z (24)
iETj
Then, compare the statistical properties of the samples W}, WJP ,j=1,...,m, e.g. sam-

ple mean, variance, worst-case (conditioned on some quantile level) sample mean.
The evaluation method is depicted in Fig. 12.

Define:
yi = f(ESQoS))
z; = g(SQoS;)
v

k-means Clustering:
k clusters Sy, ..., Sk
]
R;: training set
Tj: testing set
Sj :R‘;UE,R‘;OI} :V)
\# m times \*‘

Compute: Compute for p > 0:

- the nominal (3, €) on the R; || - the robust (5,,¢,) on the R;

-Wj = Sier,(yi — fBri — &) -W) = Sier,(yi — Bpri — €,)°
! ¥

| Compare the statistics of W; and W/ |

Fig. 12 Evaluation method of robust optimization based models.

5 Conclusions

Objective voice, video and multimedia E2E quality prediction with regression method-
ology enhanced with robust optimization framework was addressed in our paper. ES-
QoS empirical models for mobile video telephony have been extracted from live 3G
multimedia network measurements. Our method can be applied in mUX-centric net-
work planning and optimization processes to tackle the effect of errors in a mea-
surement campaign. We proposed an enhanced method of ESQoS prediction based
on measurement campaign measurements that can cooperate with network planning
tools. ESQoS budget can be a modern approach in mobile multimedia networks plan-
ning and optimization. The connection of the predicted ESQoS with the expected
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size of the measurement errors enables a more flexible network planning tool, that
manages the trade-off between measurements’ precision quality, and targeted values
for SQoS parameters. Finally, robust optimization framework models may be recom-
mended in quality estimation of beyond 3G networks, like 4G/5G consumer mobile
communications and wireless computer networks.

Acknowledgment

Experimental equipment was acquired by Mobile Radiocommunications Laboratory,
NTUA, during AKMQN project funded by the General Secretariat of Research and
Technology, Ministry of Development, Greece. We would like to thank Mr. A. Tol-
lenaar from SwissQual AG for making available the data of video telephony.

References

1. K. De Moor, I. Ketyko, W. Joseph, T. Deryckere, L. De Marez, L. Martens, and G. Verleye. Proposed
framework for evaluating quality of experience in a mobile, testbed-oriented living lab setting. Mobile
Netw. Appl., 15:378-391, 2010.

2. ETSI TR 126 944 v10.0.0. End-to-end multimedia services performace metrics. Europ. Telecom.
Stand. Inst., Apr. 2011.

3. D. Soldani, M. Li, and R. Cuny. QoS and QoE Management in UMTS Cellular Systems. John Wiley
& Sons, Ltd, 2006.

4. M. Malkowski and D. ClaBen. Performance of video telephony services in UMTS using live mea-
surements and network emulation. Wireless Pers. Commun., 46:19-32, 2008.

5. V.Kone, H. Zheng, A. Rowstron, G. O’Shea, and B.Y. Zhao. Measurement-based design of roadside
content delivery systems. IEEE Trans. Mobile Comp., 12(6):1160-1173, 2013.

6. M. Gorlatova, A. Wallwater, and G. Zussman. Networking low-power energy harvesting devices:
Measurements and algorithms. /EEE Trans. Mobile Comp., 12(9):1853-1865, 2013.

7. D. Amzallag, R. Bar-Yehuda, D. Raz, and G. Scalosub. Cell selection in 4g cellular networks. IEEE
Trans. Mobile Comp., 12(7):1443-1455, 2013.

8. Y.-B. Lin, C.-C. Huang-Fu, and N. Alrajeh. Predicting human movement based on telecom’s handoff
in mobile networks. IEEE Trans. Mobile Comp., 12(6):1236-1241, 2013.

9. H.Louaf, S. Coulombe, and U. Chandra. Quality prediction-based dynamic content adaptation frame-
work applied to collaborative mobile presentations. IEEE Trans. Mobile Comp., 12(10):2024-2036,
2013.

10. M. Fiedler, K. Wac, R. Bults, and P. Arlos. Estimating performance of mobile services from compar-
ative output-input analysis of end-to-end throughput. IEEE Trans. Mobile Comp., 12(9):1761-1773,
2013.

11. T. Lovrenz, M. Stular, Z. Kacic, and A. Zgank. “qos” estimation and prediction of input modality in
degraded ip” networks. Wireless Personal Communications, doi:10.1007/s11277-014-2044-0:1-21,
2014.

12. L. Sun and E.C. Ifeachor. Voice quality prediction models and their application in VoIP networks.
IEEE Trans. Multimedia, 8(4):809-820, Aug. 2006.

13. P. Reichl, B. Tuffin, and R. Schatz. Logarithmic laws in service quality perception: where microe-
conomics meets psychophysics and quality of experience. Telecommun. Syst., 52(2):587-600, Feb.
2013.

14. J. Shaikh, M. Fiedler, and D. Collange. Quality of experience from user and network perspectives.
Annales des Télécommun., 65(1-2):47-57, 2010.

15. C.N. Pitas, D. E. Charilas, A. D. Panagopoulos, P. Chatzimisios, and P. Constantinou. ANFIS-based
quality prediction models for amr telephony in public 2G/3G mobile networks. In IEEE Global
Communications Conf. (GLOBECOM), 2012.



20

C. N. Pitas et al

16.

17.

19.
20.

21.
22.
23.
24.
25.
26.
217.
28.
29.
30.

31.

32.
33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

C. N. Pitas, D. E. Charilas, A. D. Panagopoulos, and P. Constantinou. Adaptive neuro-fuzzy inference
models for speech and video quality prediction in real-world mobile communication networks. /[EEE
Wirel. Commun., 20(3):80-88, 2013.

P. Casas, M. Seufert, and R. Schatz. YOUQMON: A system for on-line monitoring of YouTube QoE
in operational 3G networks. SIGMETRICS Perform. Eval. Rev., 41(2):44-46, August 2013.

. C. N. Pitas, A. D. Panagopoulos, and P. Constantinou. Quality of consumer experience data mining

for mobile multimedia communication networks: Learning from measurements campaign. Wireless
and Mobile Computing, forthcoming:1-11.

D. Bertsimas and M. Sim. The price of robustness. Oper: Res., 52(1):35-53, Jan./Feb. 2004.

A. G. Fertis. A robust optimization approach to statistical estimation problems. PhD Thesis, MIT,
2009.

A. L. Soyster. Convex programming with set-inclusive constraints and applications to inexact linear
programming. Oper. Res., 21(5):1154-1157, Sep./Oct. 1973.

A. Ben-Tal, L. El Ghaoui, and A.S. Nemirovski. Robust Optimization. Princeton University Press,
Oct. 2009.

Stephen Boyd and Lieven Vandenberghe. Convex Optimization. Cambridge University Press, New
York, NY, USA, 2004.

A. Fertis, M. Baes, and H.-J. Liithi. Robust risk management. Europ. Journ. of Oper. Res., 222(3):663
-672,2012.

A. Fertis, M. Baes, and H.-J. Liithi. The regularization aspect of optimal-robust conditional value-at-
risk portfolios. In Proc. Int’l Conf. Oper. Res. (OR’11),2011.

C. N. Pitas, A. G. Fertis, A. D. Panagopoulos, and P. Constantinou. Robust optimization in non-linear
regression for speech and video quality prediction in mobile multimedia networks. In Proc. Int’l Conf.
Oper. Res. (OR’11).2011.

SwissQual AG. Diversity Benchmarker.

ETSI TS 102 250 (All Parts). QoS aspects for popular services in GSM and 3G networks. Europ.
Telecommun. Stand. Inst., 2011.

MATLAB. Statistics toolbox, linear and nonlinear modeling. The MathWorks.

I. Polik. SeDuMi 1.3.

Electron. Commun. Committee (ECC) Report 118. Monitoring methodology to assess the perfor-
mance of GSM networks. In Europ. Conf. of Post. & Telecommun. Admin. (CEPT), May 2008.

H. Holma and A. Toskala. WCDMA for UMTS: HSPA Evolution and LTE. Wiley, 2007.

Electron. Commun. Committee (ECC) Report 103. UMTS coverage measurements. In Europ. Conf.
of Post. & Telecommun. Admin. (CEPT), May 2007.

ETSITS 136 214 Ver. 11.1.0 (2012-12). LTE; Evolved Universal Terrestrial Radio Access (E-UTRA);
Physical layer; Measurements (3GPP TS 36.214). Europ. Telecommun. Stand. Inst., 2012.

ETSITR 102 493 Ver. 1.2.1 (2009-06). Guidelines for the Use of Video Quality Algorithms for Mobile
Applications. Europ. Telecommun. Stand. Inst., 2009.

ITU-T P.862. Perceptual evaluation of speech quality (PESQ): An objective method for end-to-end
speech quality assessment of narrow-band telephone networks and speech codecs. Int’l Telecommun.
Union, Feb. 2001.

A. Eden. No-reference estimation of the coding PSNR for H.264-coded sequences. IEEE Trans.
Consum. Electron., 53(2):667-674, May 2007.

Q. Huynh-Thu and M. Ghanbari. Scope of validity of PSNR in image/video quality assessment.
Electron. Lett., 44(13):800-801, 2008.

Z. Wang, A.C. Bovik, H.R. Sheikh, and E.P. Simoncelli. Image quality assessment: from error visi-
bility to structural similarity. /EEE Trans. Image Process., 13(4):600-612, Apr. 2004.

T. Hayashi and K. Yamagishi. State of the art of multimedia quality assessment methods. In ITU-T
Wkshp Video and Image Coding and Application (VICA), 2005.

ITU-T PO11. Subjective audiovisual quality assessment methods for multimedia applications. Int’l
Telecommun. Union, Dec. 1998.

H. Xu, C. Caramanis, and S. Mannor. Robust regression and lasso. IEEE Trans. Inform. Theory,
56(7):3561-3574, 2010.

J. F. Sturm. Using SeDuMi 1.02, a MATLAB toolbox for optimization over symmetric cones. Opti-
mization Methods and Software — Special Issue on Interior Point Methods, 11(1 -4):625-653, 1999.
I. Polik, T. Terlaky, and Y. Zinchenko. SeDuMi: a package for conic optimization. In IMA Wkshp
Optimization and Control, 2007.



End-to-End Multimedia Quality Estimation with Robust Optimization in Mobile Networks 21

Author Biographies

Charalampos N. Pitas received his Diploma (BEE/MSEE)
degree and his Dr. Engineering degree in Electrical and
Computer Engineering from the National Technical Uni-
versity of Athens (NTUA), Greece, in July 2003 and in
April 2012 respectively. He holds also MBA (2006) and
MS (2008) degrees from NTUA. Currently, he is an elec-
trical engineer at the Independent Power Transmission
Operator SA, Greece, and a research associate at the Mo-
bile Radio Communications Laboratory, NTUA. He has
R&D, engineering and lecturing experience with utilities,
telecommunications, academia, and military sectors since
2003. His research is focused on mobile communication
networks and smart grid areas where he has published 15
scientific papers in peer-reviewed international journals
and in conference proceedings. Dr. Pitas is a Member of

the IEEE and the Technical Chamber of Greece.

Apostolos G. Fertis received his Diploma in Electri-
cal and Computer Engineering from the National Techni-
cal University of Athens (NTUA), his M.S. and his PhD
in Electrical Engineering and Computer Science from the
Massachusetts Institute of Technology (MIT) in 2003,
2005 and 2009 respectively. His research interests lie in
the areas of operations management, finance, optimiza-
tion, and applied probability. Since 2009, he has been re-
searcher at the RiskLab Switzerland and the Institute for
Operations Research (IFOR) of the Eidgendssische Tech-
nische Hochschule Ziirich (ETH Ziirich). He was also
research assistant at the Laboratory for Information and
Decision Systems (LIDS) of the MIT (2005-9), at the
Computer Science and Artificial Intelligence Laboratory
(CSAIL) of the MIT (2003-5), as well as at the Telecom-

munications Laboratory of the NTUA (2002-3). He is a Member of the IEEE, the
INFORMS, and the Technical Chamber of Greece (TEE).

Athanasios D. Panagopoulos received his diploma
degree in Electrical and Computer Engineering and the Dr.
Engineering Degree from the National Technical Univer-
sity of Athens (NTUA) in July 1997 and April 2002, re-
spectively. From September 2003 to December 2008, he
was Assistant Professor in Athens School of Pedagogi-
cal and Technological Education. Since May 2008, he has
been a Lecturer in the School of Electrical and Computer
Engineering, NTUA. He has published more than 80 pa-



22 C. N. Pitas et al

pers in peer-reviewed international journals and transac-

tions and more than 100 papers in conference proceedings.

He has been involved in numerous R&D projects funded

by European Union. His research interests include mo-

bile computing technologies, radio communication sys-

tems design, wireless and satellite communications net-
works, and the propagation effects on upper layer communication protocols. He is a
Senior Member of the IEEE. He is Associate Editor in IEEE Transactions on Anten-
nas and Propagation and in IEEE Communication Letters.



