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Abstract 

The scope of this work is to present a holistic approach in quality of service (QoS) and quality of 

experience (QoE) characterization and prediction in modern mobile communication networks. 

Analytically, multi radio access technologies have been deployed in order to deliver mobile services to 

quality demanded consumers. Quality of Experience (QoE) parameters describe the End-to-End (E2E) 

quality as experienced by the mobile users. These parameters are difficult to be measured and quantified. 

System Quality of Service (SQoS) parameters are metrics that are closely related to the network status, 

and defined from the viewpoint of the service provider rather than the service user. Moreover, 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 reliable quality estimation models for mobile voice and video telephony service.  

Key-words: Mobile Communications; Quality of Service; Quality of Experience; Measurements; 

Regression Models; Robust Optimization; Fuzzy Systems; Data Mining; Decision Trees; Neural 

Networks; k-Nearest Neighbors. 

 

Introduction – QoS/QoE Issues 

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 described by factors influenced by user’s state 

and previous knowledge, network properties and usage context (De Moor et al., 2010). Therefore, mUX is 

a field where studies are rapidly executed and lean prototypes are quickly built and explored with users to 

evaluate the potential 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 experience characterization (Menkovski el al., 2010). Network-based SQoS and 

service-based ESQoS are defined in (ETSI TR 126 944, 2011) and they are important factors when 

providing multimedia services to mobile customers (Soldani et al., 2006). Both network monitoring 

systems as well as on-the-field or emulation measurement campaigns (Li et al, 2014; Malkowski and 

Claßen, 2008) are useful in radio network planning and optimization. Indeed, measurements can be 

utilized in content delivery systems, energy saving in smart devices, and cell selection. Since network 

planning today is based on coverage prediction from planning soft-tools (Mousa et al., 2013), taking into 

account factors like base station antenna heights, tilts and directivity, cell interference and topography of 
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the terrain, the predicted coverage area is always based on a certain value of SQoS parameters. 

Consequently, ESQoS prediction is one of the most significant research areas in mobile computing 

technologies (Louafi et al., 2013; Fiedler et al., 2013). Advanced statistical analysis, such as linear and 

non-linear regression modeling, has been used in order to build prediction models (Sun and Ifeachor, 

2006) for the simulation a VoIP mobile network as well as for interactive voice response service (IVR) 

(Lovrenčič et al 2014). Moreover, regression and logarithmic models are proposed in (Reichl et al., 2013; 

Shaikh et al., 2010) for QoE prediction. Analysis and modeling of video traffic is presented in (Koumaras 

et al., 2009) Beyond the statistical approach, adaptive neuro-fuzzy inference (Pitas et al., 2012), (Pitas et 

al., 2013a) and modern data mining algorithms (Casas et al., 2013; Pitas et al., 2011a; Pitas et al. 2014) 

have been employed. Extending the approach on the problem (Pitas et al., 2011b), a robust optimization 

framework for multimedia QoS estimation which is based on a drive-test E2E measurement campaign of 

live UMTS/3G network with (SwissQual Diversity Benchmarker) is 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. Followingly, Section 3 focuses on statistical and 

computational methods in QoE prediction. Specifically, robust optimization, neuro-fuzzy inference and 

data mining models are introduced. Finally, the conclusions Section 5 discuss the major endowment of 

our research work on statistical prediction of objective ESQoS. 

 

Fundamentals of Quality  

 

Quality of Radio Coverage 

Nowadays, mobile networks have been implemented on second (2G), third (3G) and beyond 3G (B3G) 

generation RAN's. KPIs of 2G and 3G RANs are recommended in recommendation. GSM networks were 

initially deployed in order to provide CS (circuit switched) mobile telephony service while enhancements 

like GPRS (General Packet Radio System) and EDGE (Enhanced Data Rates for GSM Evolution) 

delivered data services to the mobile users. Recently, WCDMA (Wideband Code Division Multiple 

Access) networks were planned to deliver multimedia services like video telephony and broadband packet 

data services. Nowadays, LTE (Long Term Evolution) networks based on OFDMA (Orthogonal 

Frequency Division Multiple Access) and MIMO (Multiple-Input and Multiple-Output) radio technology 

will launch the data rates to tens Mbps in order to provide bandwidth and QoS demanding full PS (packet 

switched) services.  

 

Radio KPIs in GSM Networks  

Quality of GSM/EDGE RAN (GERAN) coverage is described basically by two indicators; according to 

ECC Report 118 (2008) are RxLev and RxQual. RxLev of a serving cell is the received signal strength on 

serving cell, measured respectively on all slots RxLevFull and on a subset of slots RxLevSub. RxQual of 

a serving cell is the received signal quality on serving cell, measured respectively on all slots 

(RxQualFull) and on a subset of the slots (RxQualSub). 
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Radio KPIs of UMTS Networks  

Quality of UMTS terrestrial RAN (UTRAN) coverage is described basically by three indicators, 

according to the ECC Report 103 (2007) are RSCP, RSSI and Ec/N0. RSCP (Received Signal Code Power) 

is the received power on one code measured on the pilot bits of the P-CPICH (Primary Common Pilot 

Channel). RSSI (Received Signal Strength Indicator) is the wideband received power within the relevant 

channel bandwidth. Ec/N0 is the ratio of received pilot energy, Ec, to the total received energy or the total 

power spectral density, I0 .The received energy per chip, Ec, divided by the power density in the band. 

The Ec/N0 is identical to RSCP/RSSI. 

 

Radio KPIs of LTE Networks  

Quality of evolved UTRAN (e-UTRAN) coverage is described basically by three indicators, according to 

ETSI TS 136 214 (2012) are RSRP, RSSI and RSRQ. RSRP (Reference Signal Receive Power) is the 

linear average of the downlink reference signals (RS) across the channel bandwidth. RSSI (Received 

Signal Strength Indicator) is the total received wideband power including all interference and thermal 

noise. RSRQ (Reference Signal Receive Quality) is the ratio between the RSRP and the RSSI. 

 

Quality of Experience 

 

Speech Quality 

Perceptual evaluation of speech quality (PESQ) is a performance indicator for end-to-end QoS telephony 

service. Speech transmission over public land mobile networks (PLMN) that have already adopted 

different radio access technologies may be subjected of quality degradation. Analytically, the original 

speech signal is compared with the degraded received, via mobile radio channel, signal. PESQ is an 

objective method for end-to-end speech quality assessment of narrow-band telephone networks and 

speech codecs and is described in recommendation ITU-T P.862 (2001). Also, a mapping function for 

transforming PESQ raw result scores to MOS (Mean Opinion Score) scale is presented in 

recommendation ITU-T P.862.1. The next generation voice quality testing algorithm is POLQA 

(Perceptual Objective Listening Quality Analysis) and it is under standardization by the the 

recommendation ITU-T P.863. The new algorithm provides significantly improved benchmark accuracy 

for 3G, and support for testing of the most recent technologies such as Unified Communications, Next 

Generation Networks and 4G/LTE as well as HD (High Definition) voice application. Speech quality per 

call is recommended in ETSI TR 102 506. 

The assessment of this speech QoS indicator is made by comparing Ns original speech samples 

transmitted at {τi1,…,τiNs} time moments by the i-th calling party,  

1 1 2 2( ) ( ) ( )
s si i i i i iN iNs s s     S

     (1) 

with the corresponding degraded received samples 1{ , ,i
  }

siN


 time moments by the i-th called party, 

respectively, 

1 1 2 2( ) ( ) ( )
s

i i i i i iN iNs s s       S
     (2) 
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by applying speech quality assessment algorithm. The objective speech quality indicator obtained by 

applying this algorithm is close to what would be obtained if samples S  were submitted to the subjective 

appreciation of a panel of service users. 

 

So, the average speech quality performance, 
s call

iMOS 

, of a test call is: 

 

1 1
( ( ), ( ))

s sN N s

s ij ij ij ij ijj js call

i

s s

f s s MOS
MOS

N N

  

   
 

         (3) 

 

where speech quality indicator can be computed both for the mobile phone, M-side, and the land-line 

network, L-side. fs is the function corresponding to the PESQ algorithm and the results conversion in 

MOS listening quality objective. Furthermore, 
s

ijMOS
 is the assessment result of the j-th sample of the i-th 

test speech call. 

 

Mathematical models are recommended in ETSI TR 102 506 to aggregate the individual 
s

ijMOS
 values to 

one value. Estimating speech quality per call, two important effects are taken into account in a test call: 

the “recency effect” (call quality, 
RE

iMOS
, is computed by  and the effect of a very bad sample (call 

quality, 
BD

iMOS
, is computed by  

 

1

1

s

s

N s

j ijjRE

i N

jj

MOS
MOS













       (4) 

 

0.3( min )BD RE s call s

i i i ijMOS MOS MOS MOS  
    (5) 

where ωj is a weighing factor. 

 

In our analysis, we make clear that MiLi or M2Li sample is the speech sample which is sent from the i-

th mobile phone to the i-th ISDN line of the voice server. While, LiMi or L2Mi is the direction from the 

i-th land-line of the voice server to the i-th mobile phone. In case there are three mobile operators where 

GSM and UMTS networks have been deployed (e.g. Cosmote, Vodafone GR and Wind have been 

licensed in Greece) i{1,2,3} for GSM, and i{4,5,6} for UMTS (specifically dual mode, preferred 

UMTS or GSM network selection). 

 

A crucial point of speech quality is the audio codec (compressor-decompressor) systems which are 

commonly used in speech communications and they can be configured to demand bandwidth. Indeed, 

there is a trade-off between voice quality and bandwidth use. Consequently, the best codecs provide the 
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most bandwidth reservation while producing the least degradation of voice quality. Adaptive multi-rate 

audio (AMR) codec is used for speech coding in GSM and UMTS networks. AMR codec use a set of 

modes in full-rate channel (FR) as well as in half-rate channel (HR). Enhanced full rate codec (EFR) has 

also been adopted as an industry standard codec for GSM. Wideband (WB) and extended WB (WB+) 

AMR codecs are used mainly in UMTS and PS streaming service (PSS), multimedia messaging (MMS) 

and broadcast and multicast services (MBMS). 

 

A test call can be initiated either from M-side or L-side. So, there are two types of test voice calls, MOC 

and MTC. On the one hand, a mobile originated call (MOC) is defined as an initiated call by a mobile 

terminal to a land line party. On the other hand, a mobile terminated call (MTC) is defined as a call from 

a land line party to a mobile terminal. In our measurements campaign setup the MOC:MTC ratio was 1:1. 

 

Video Quality 

Video quality assessment is an important process due to the fact of the deployment of modern mobile 

video communications. Technical recommendation ETSI TR 102 493 (2009) depicts guidelines for video 

quality assessment for mobile applications. Video telephony is a full-duplex system, carrying both video 

and audio and intended for use in a conversational environment. In principle the same delay requirements 

as for conversational voice will apply, i.e. no echo and minimal effect on conversational dynamics, with 

the added requirement that the audio and video have to be synchronized within certain limits to provide 

“lip-synch”.  

 

Evaluation is applied for a video transmitted through a communication network, especially via a mobile 

radio channel. Measurement of the perceived video degradation is a technical necessary. Objective video 

evaluation methods are algorithms that are based on indicators that objectively can be measured. Video 

quality algorithms shall be eligible and applicable for end-to-end mobile applications, like video 

telephony, streaming, conversational multimedia, and predict the perceived quality by the user-viewer 

using mobile terminal equipment.  

 

Finally, ITU-T has recommended an objective perceptual video quality measurement in the presence of a 

full reference, which is recommended with recommendation ITU-T J.247, and a perceptual video quality 

measurement in the presence of a reduced reference, recommended with ITU-T J.246. Perceptual video 

quality metrics should be capable of identifying artifacts which can be intuitively understood by the 

average viewer of video. A comprehensive set of indicators can reliably describe the overall quality. 

Especially, for objective video quality assessment is based on the characterization of the degrade factors 

during compression, mobile radio transmission and decoding processes. Video quality is computed by an 

assessment algorithm in a MOS scale. The assessment of this video QoS indicator is made by comparing 

Nv original video samples transmitted during a test video call by the i-th calling party,  

 

1 1 2 2( ) ( ) ( )
vi i i i i iN iNv v v     V

     (6) 

 

with the corresponding degraded received samples,  
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1 1 2 2( ) ( ) ( )
v v

i i i i i iN iNv v v       V
     (7) 

 

at the i-th called party, by applying a video assessment algorithm. 

If vf  is the function corresponding to the video assessment algorithm and the results conversion in MOS 

video quality objective (
v

ijMOS
), the overall video call quality 

v call

iMOS 

is: 

1 1
( ( ), ( ))

v vN N v

v ij ij ij ij ijj jv call

i

v v

f v v MOS
MOS

N N

  

   
 

    (8) 

Multimedia Quality 

The overall audiovisual quality can be predicted from the speech and video quality as derived from 

speech only and video only subjective experiments. A complex multimedia quality index, MOSmm, of 

video telephony can be generated by speech, MOSs, and video, MOSv. Besides, voice and video 

synchronization (“lip-sync”) or delay (d), MOSd, is crucial in total multimedia perceptual quality MOSt 

that is not depicted in the previous formula. A multimedia quality integration function can be formulated. 

 

1 2 3 4( )( )mm vsMOS c c MOS c c MOS         (9) 

 

5 6 7·exp( / )dMOS c c d c           (10) 

 

( )·( )t m dMOS MOS MOS             (11) 

 

where parameters ci, i{1,2,…,7} as well as α, β, γ, and δ are constants. 

 

For the purpose of this study, we used recommendation (ITU-T P.911, 1998) for speech (audio)-visual 

quality computation MOSmm as it is presented: 

 

· ·s vmmMOS a MOS MOS b          (12) 

 

where the parameters are set to a=0.765 and 0.1925b  . 
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Measuring QoS and QoE 

 

Measurement Equipment 

 

For the scope of our research work, we used the ``SwissQual Diversity Benchmarker'' which is a 

measurements probing  equipment for end-to-end performance evaluation of live mobile networks. The 

overall experiment system architecture is shown at Figure 1. Technical specifications ETSI TS 102 250 

(All Parts) (2011) describe in details QoS aspects for popular services in GSM and UMTS networks, 

especially: identification of QoS criteria, definition of QoS parameters and their computation, typical 

procedures and requirements for QoS measurements equipment, definition of typical measurements 

profiles, as well as  post processing and statistical methods. 

 

 

Figure 1 Overall experiment system architecture. 
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The probing system consists of a multi-computers control unit that manages a set of discrete computer 

modules and it is supplied by an uninterrupted power supply (UPS) module and a DC/DC power 

converter directly connected to the vehicle's battery. A test mobile phone and mobile data card are 

plugged in and controlled by each computer unit. Test have QoS data-logging software and support both 

GSM and UMTS technology. The quantity of test mobile phones and data cards depends on the number 

of mobile operators under measurement. A multichannel GSM and UMTS fast frequency scanner is used 

in order to conduct simultaneously and independently GSM and UMTS radio coverage measurements for 

all mobile operators. A GPS receiver triggers all measurements and allows geo-reference. A laptop for 

system configuration and management as well as for pre-processing purposes like measurements play-

back is used. 

 

We installed the measurements system in the cabin of a vehicle as it is depicted in Figure 2. A set of 

external omni-directional multi-band antennas were mounted on the vehicle's roof with a minimum 

distance each other reducing RF-influence on acceptable level in an equal radio environment for drive-test 

campaigns. In addition, attenuators (12-15 dB) can be used in case it is necessary to emulate in-car 

received level. Extended verification tests were performed for calibration purposes to all parts of the 

measurements equipment. 

 

Measurement Campaign 

 

Measurements campaign is the collection of measurements scripts that actually performed on radio 

networks. Script is the collection of similar tests that share the same timing and script options. The tests 

that are defined in the script are executed consecutively. A set of job types can run all provided mobile 

services. Intrusive script establishes a voice or video call between two measurements sides and then 

speech or/and video samples are exchanged. These tests are created to measure the connection quality. On 

the other hand, a non-intrusive script evaluates the speech quality of the voice signal that is received by a 

measurements unit from a test number using ITU-T Rec.P.563. Also, a video call can be set up instead of 

voice call for the same purpose. Besides, numerous jobs can be declared such as data tests (PING, file 

transferring, web browsing, email, video streaming) or only scanner tests for radio coverage assessment. 

Data tests may be IP captured for drilldown protocol analysis. Finally, measurements are imported in a 

spatio-temporal relational data base for data dredging and analysis reporting. 

 

Moreover, specifications on quality of mobile phone services are in details defined in (ETSI TS 102 250 

(All Parts), 2011). 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) for statistical analysis and (SeDuMi) for 

optimization problems solution, QoS non-linear prediction models are proposed. 
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(a) In-vehicle equipment modules installation. 

 

(b) Out-vehicle equipment modules installation. 

Figure 2 In-vehicle installation of the experimental equipment for QoS and 
QoE measurements campaign. 
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Quality Prediction Regression Models 

 

Robust optimization (Bertsimas and Sim, 2004; Fertis, 2009) has been increasingly used in mathematical 

optimization 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 

problems, box-type uncertainty sets (Soyster, 1973), and ellipsoidal uncertainty sets have been 

considered. In linear, as well as mixed integer optimization problems, robust counterparts with budgeted 

uncertainty sets that connect the uncertainties developed by the coefficients of the constraints have been 

efficiently solved (Ben-Tal et al., 2009). 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 (Boyd and Vandenberghe, 2004). 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 (Fertis et al., 2012; Fertis et al., 

2011). 

 

Statistics Models 

 

For statistical estimation of ESQoS from SQoS, equivalently ( )ESQoS SQoS , regression models that 

have been presented in the previous section can be expressed under the generic form 

( ) ( )f ESQoS g SQoS            (13) 

for some f , g : (0, )   that are strictly increasing. By specifying f  and g , we derive the four 

regression types described in Table~. In particular, we get 

 

 the linear model for  

( )f ESQoS ESQoS  
and ( )g SQoS SQoS . 

 

 the logarithmic model for  

( )f ESQoS ESQoS
 
and ( ) ln( )g SQoS SQoS .  

 

 the exponential model for  

( ) ln( )f ESQoS ESQoS
 
and ( )g SQoS SQoS . 

 

 the power model, for 

( ) ln( )f ESQos ESQoS
 
and ( ) ln( )g SQoS SQoS . 
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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  

exp( · )ESQoS SQoS    

 

( )ln ESQoS SQoS     

 

The rate of change of ESQoS to SQoS is computed in (9) and depicts the dependence between 

service/mUX and network/system KPIs. 

 

·exp( · )
ESQoS

SQoS
SQoS

  


 
  

 

· .
ESQoS

ESQoS
SQoS




 


 (14) 

 

Robust Optimization 

 

Given a measurements set 
1{ , }n

i i iESQoS SQoS 
 the estimates are the optimal solution of the minimization 

problem below 

,
min
 

1

n

i


2( ) ( · ( ) )i if ESQoS g SQoS  
  
(15) 

 

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 SQoSi incorporate errors and that their 

true value resides in a ρ-sized interval centered at SQoSi, ρ≥0. The robust estimates are the optimal 

solution to the min max  problem of  

2

:  |, |
1

mi max [ ( )n ) ( ( )]
i i

n

i i
i x SQoS

i

f ESQoS g x
 

 
  



 
 

(16). 

 

Given that g  is strictly increasing, the constraint 

:| |i ii x SQoS   
 

 

i i iSQoS x SQoS     
 (17) 
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is equivalent to 

: ( ) ( ) ( )i i ii g SQoS g x g SQoS     
     (18) 

We define 

: max max( (  ) ( ),i i ig SQoS g SQoS   
 

 

( ) ( ))i ig SQoS g SQoS  
       (19) 

and we consider the more conservative constraint: 

:  ( )     ( )    ( )  i i ii g SQoS g x g SQoS     
 

 

:| ( ) ( ) |   i ii g x g SQoS   
     (20). 

 

We approximate Problem (15) using this more conservative constraint, i.e. we solve 

 

2

,
1

min max [ ( ) ( · ( ) )]
n

i i
i

i

f ESQoS g x
 

 


 
       (21) 

 

The inner maximization problem constraints can be expressed as 0z z


     , where 

  is the 

infinity norm and z , 0z  are the vectors which contain the ( )ig x , ( )ig SQoS , respectively. 

 

The resulting problem 

0

2

, :
1

min max [ ( ) ( · )]
n

i i
i z z

i

f ESQoS z
  

 
  



          (22) 

 

is equivalent (Xu et al., 2010) to 

2

,
1

min [ ( ) ( · ( ) )] | |
n

i i

i

f ESQoS g SQoS
 

   


   (23) 

 

which is the Least Absolute Shrinkage and Selection Operator (Lasso) (Tibshirani 1996) Using SeDuMi, 

we computed the robust estimates for β and ε for various values of the size ρ of the uncertainty set. 

SeDuMi, developed by (Sturm 1999), implements the self-dual embedding technique for optimization 

over self-dual homogeneous cones and solve optimization problems with linear, quadratic and semi-

definiteness constraints. A recent presentation of SeDuMi package can be found in (Polik et al. 2007). 
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Figures 3 and 4 present voice and multimedia ESQoS estimation models where robust optimization is 

applied in non-linear regression for various values of parameter ρ≥0. In case of ρ=0, there is a linear 

regression. It is depicted that as the size of uncertainty ρ increases, β drops, namely the robust estimates 

suggests a weaker dependence between ESQoS and SQoS. This weaker dependence is compensated by the 

fixed term ε. 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. takes this 

phenomenon into consideration by adding the trade-off term ρ∙|β|. That is, the intensity of the dependence 

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 surrounding them as well. The objective function of 

the estimation optimization problem, 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. 

 

 

 

 

 

Figure 3 Regressions on ESQoSvoice (given objective MOS) vs. SQoSUMTS 
values (Ec/N0 given in dB) in case of UMTS video-telephony. 
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Figure 4 Regressions on ESQoSmm (given objective MOS) vs. SQoSUMTS 

values (Ec/N0 given in dB) in case of UMTS video-telephony. 

 

Computational Models 

 

Fuzzy Systems 

 

The fuzzy sets theory, introduced by Zadeh in 1965 as a means of dealing with vagueness, imprecision 

and uncertainty in problems, has been used as a modeling tool for complex systems that can be controlled 

by humans but are hard to define precisely. The main characteristic of fuzziness is the grouping of the 

individuals’ judgments into classes that do not have sharply defined boundaries. An uncertain comparison 

can be represented by a fuzzy number. A fuzzy set is one that assigns grades of membership between 0 

and 1 to objects using a particular membership function μA(x). 

 

Fuzzy systems deploy the concept of “fuzziness” in order to process data and produce logical deductions. 

For this reason, over the past decades they have been widely used as prediction, and consequently 

decision, systems. Processing of information takes place using fuzzy numbers, which are finally 

converted to crisp numbers through the process of defuzzification. Systems of this form are referred to as 

Fuzzy Inference Systems (FIS). More specifically, a fuzzy inference system is made up of:  

 A fuzzifier, that converts input values (e.g. data sets) into linguistic variables (through properly 

configured membership functions) 

 An inference engine, that applies the fuzzy rules in order to “train” the system 

 A defuzzifier, that applies the rules to the input data and generates the prediction/decision. 
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According to the fuzzification process, each input is characterized by a membership function, which 

measures the degree of membership of a given value to the fuzzy subsets defined. The inference engine 

uses a list of “IF” – “THEN” rules, that may be based on prior field experience, questionnaires, 

measurements etc. to configure the system. An example of such a rule in the field of wireless 

communications could be the following one:  

 

“If the QoS offered is High and the Cost is Very Low then the user’s satisfaction is Very High”. 

 

In the previous example the input parameters QoS and Cost correspond to the linguistic variables High 

and Low, after their original value (in the form of a crisp number) is converted to a linguistic one through 

the appropriate membership function. In general, the maximum number of rules required is NM, where N 

is the number of linguistic variables and M the number of input criteria. 

 

Adaptive Neuro-Fuzzy Inference Systems (ANFIS) 

 

Adaptive Neuro-Fuzzy Inference Systems (ANFIS) are systems whose membership function parameters 

are adjusted using either a back propagation algorithm alone or in combination with a least squares type 

of method. A fuzzy system of this kind is able to learn from the data it is modeling, since it has a structure 

similar to that of a neural network. The parameters associated with the membership functions change 

through the learning process.  

 

The main advantage of ANFIS is that they do not require any external configuration. As soon as data sets 

are imported into ANFIS, it is able to identify patterns among the data and automatically generate those 

membership functions and rules that best describe these patterns. As a result, assuming that future data 

sets will present similar characteristics, the ANFIS will be able to extract realistic predictions based on 

these rules. With each data set that is used to train the system the latter optimizes itself appropriately in 

order to reflect the new patterns as well. 

 

The fuzzy inference process we have been discussing is known as Mamdani’s fuzzy inference method. 

For ANFIS implementations, the so-called Sugeno, or Takagi-Sugeno-Kang, method of fuzzy inference is 

used. The first two parts of the fuzzy inference process, fuzzifying the inputs and applying the fuzzy 

operator, are exactly the same. The main difference between Mamdani and Sugeno is that the Sugeno 

output membership functions are either linear or constant. A typical fuzzy rule in a Sugeno fuzzy system 

has the format: 

 

If x is A and y is B then z = f(x,y) 

 

where A and B are fuzzy sets. The firing strengths (weights) are usually obtained as the product of 

membership grades of the premise part, and the output is the weighted average of each rule’s output. 
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ANFIS-based Quality Prediction Model 

In this chapter we propose a quality prediction methodology based on drive-test campaign for 

measurements data acquisition and fuzzy inference systems for quality estimation. The methodology 

comprises of the following steps: 

 Data sets are gathered with measurements for networks under study, in our case GSM and 

UMTS. More details on this process can be found in Section 2 of the current chapter. 

Measurements are split to uplink and downlink, resulting in two distinct data sets for each 

scenario.  

 Using the Matlab Fuzzy Logic Toolbox we construct FIS with two inputs and one output. Each 

FIS will have as input the QoS indicators of the respective network and as output the predicted 

QoE. 

 Using the data sets as input to ANFIS we train the prediction system. 

 With a small sample data set we test the prediction system’s performance and optimize it. 

 When a new data set is provided to the trained prediction system, predictions are automatically 

generated. 

 

In our study we consider the scenario of Voice service in GSM and UMTS, for both uplink and downlink. 

We differentiate the latter based on the direction of the transmission. Consequently, for each of the above 

scenarios we examine separately the transmissions originating from the MT and the BS, resulting in the 

construction of two identical systems for each scenario, each of which will be trained with its own data 

set. 

 

For each of these scenarios we construct a FIS which we afterwards train through ANFIS, as previously 

described. Therefore the total number of required prediction systems for our study is four. Each system 

will have one output, namely objective MOS, and two inputs, that will differ depending on the network in 

question. For GSM the input parameters are RxLevSub and RxQualSub, while for UMTS they are RSCP 

and Ec/N0. 

 

In order to train the FIS, the ANFIS configuration screen must be invoked. At this point attention must be 

drawn to the fact that the generation of the FIS can be performed by either Grid Partitioning or 

Subtractive Clustering, using various configurations. We have experimented with a large number of 

configurations to find the best ones in terms of optimal predictions, according to the structure and 

variance of our specific data sets. The configuration of ANFIS is crucial to the efficiency of the generated 

prediction system and depends on the statistical parameters of the training data. 

 

After the training phase, additional datasheets are deployed to test and check the generated FIS. Due to 

the adaptive and dynamic nature of ANFIS, the FIS is altered so as to incorporate the newly-received data 

and thus optimize its performance.  
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Numerical Results 

 

In this part of the chapter we are going to present some indicative results that can be used by designers for 

back of the envelope calculations, in case actual MOS-monitoring equipment is not available. Results for 

Voice service in GSM and UMTS are presented in Figures 5 and 6 respectively for both uplink and 

downlink. 

 

More specifically, in Figure 5 the predicted objective MOS is depicted for values of RxLevSub in the 

range {-95,…,-50} dB and for distinct values of RxQualSub{0,1,…,7}. For the case of the uplink it can 

be easily observed that a linear relationship between predicted MOS and RxLevSub exists only for 

RxLevSub lower than -75dB or higher than-56dB. In the whole range of RxLevSub, the dependence can 

be considered as piecewise linear. Additionally, the dependence between predicted MOS and RxLevSub 

seems to not be impacted by the value of RxQualSub particularly, since all graphs maintain more or less 

the same format. The same cannot be said for the case of the downlink however, where linearity exists 

only for the highest values of RxQualSub (> 4). Also, for values of RxLevSub < -55 dB the value of 

predicted MOS depends heavily on RxQualSub. 

 

Similarly, Figure 6 depicts the predicted objective MOS for values of RSCP in the range {-100,…,-86} 

dB and for distinct values of Ec/N0 {-3,-5,-7,…,-13} dB. Here linearity exists almost everywhere, except 

for Ec/N0 = -7 dB in the uplink and Ec/N0 = -3,-5 dB in the downlink. Especially for the downlink the 

predicted MOS seems to be irrelevant to RSCP for Ec/N0 < -7 dB, as it remains constant. 

 

Figure 5 Impact of RxLevSub to objective MOS for various values of 
RxQualSub (Up: Uplink, Bottom: Downlink) 
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Figure 6 Impact of RSCP to objective MOS for various values of Ec/N0 (Up: 
Uplink, Bottom: Downlink). 

 

Data Mining Models 

 

Knowledge Discovery in Databases 

Across a wide variety of radio networks, measurements are being collected and accumulated. There is an 

urgent need for the generation of new computational theories and tools to assist communications 

engineers in extracting useful information, QoS knowledge, from the rapidly growing volumes of network 

measurements. These theories and tools are the subject of the emerging field of knowledge discovery in 

databases (KDD). Our objective is to apply the data mining techniques in the QoE data that to best of our 

knowledge, this has not been presented in the literature before. QoS knowledge discovery in 

measurements databases is a five step process of finding information and patterns can be summarized in 

the following steps: 

 Selection: Extract QoS data from measurements sources.  

 Preprocessing: Data cleaning, missing measurements data can be ignored or predicted, erroneous 

measurements can be deleted or corrected.  

 Transformation: Measurements data integration combining data from multiple sources into a 

coherent store. Data may by encoded in common formats, normalized and reduced.  

 Data mining: Application of computational algorithms to transformed data.  
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 Pattern interpretation and knowledge presentation: The pattern is evaluated by applying 

measures. The mined knowledge is presented using visualization techniques.  

 

Data mining, as a novel branch of computer science, is the process of extracting patterns from large 

measurements data-sets by combining methodologies from statistics and computational intelligence with 

database systems management giving information advantage. While observational data sets are grown in 

size and complexity there is a need for automatic data analysis. Intelligent algorithms like neural networks 

and decision trees are of the cornerstones of data mining applications. Besides, basic data mining tasks for 

analysis are clustering and classification. Clustering differs from classification as clusters are not 

predefined; in contrast classes are known beforehand.  

 

Our research interest is concentrated in speech and video quality analysis and prediction using data 

mining techniques. Learning models are proposed from data in, a methodology which can be focused on 

developing QoS models from measurements data sets that have been collected during extended drive-test 

measurements campaign. Computational methods provide new approaches of QoS analysis beyond 

classic statistics. A general work-flow is proposed and depicted in Figure 7 where discovery of System 

QoS (SQoS), End-to-End Service QoS (ESQoS) and QoE knowledge is the base for network and services 

optimization, continuous UX improvement and KPIs reengineering. 
 

 

Figure 7 Five step process of QoS knowledge discovery in measurements 
data bases for consumer experience improvement. 
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Data Mining 

Classification is a supervised learning task. In classification, each sample x is assigned to one of the 

several classes C. The goal is to find a classification function C=f(x) that is able to predict the classes of 

unseen samples x with minimal classification error. The classification function is estimated from labeled 

data, that is, using a data set consisting of N examples of (xi, Ci) pairs, i=1,2,…,N. Classification 

performance depends greatly on the characteristics of the measurements data to be classified. There is no 

single classifier that works best on all given problems. For the scope of our research we employed a 

number of data mining algorithm. More specifically, decision trees, k-nearest neighbors and neural 

networks. 

Decision Trees 

Decision trees are used in decision making, statistics, data mining and machine learning. Decision trees 

use a tree-like graph or model of decisions and their possible consequences and for calculating 

conditional probabilities. A decision tree is built as a predictive model. There are three tree analysis types 

in data mining. In Classification Tree Analysis the predicted output is the class to which the data belongs. 

In Regression Tree Analysis the predicted output can be considered as a real value. Finally, Classification 

and Regression Tree Analysis is a combination of the above types of analysis. In a tree structure, leaves 

depict classifications and branches represent conjunctions of characteristics that drive to these 

classifications. 

The first machine learning scheme that we will develop in detail, the C4.5 algorithm presented by 

(Quinlan 1993), derives from the simple divide-and-conquer algorithm for producing decision trees. All 

tree induction methods begin with a root node that represents the entire, given dataset and recursively 

split the data into smaller subsets by testing for a given attribute at each node. The sub-trees denote the 

partitions of the original dataset that satisfy specified attribute value tests. Figure 7 depicts a decision tree 

in case of UMTS video telephony for speech quality estimation. 

 

 

Figure 8 A decision tree for speech quality estimation in UMTS video-
telephony. 



Handbook of Research on Next Generation Mobile Communication Systems, Ed. A.D. Panagopoulos, IGI Global, 2015 

21 

 

k-Nearest Neighbors Algorithm (k-NN)  

k-NN is a method for classifying objects based on closest training examples in the feature space. k-NN is 

a type of instance-based learning, or lazy learning where the function is only approximated locally and all 

computation is deferred until classification. The algorithm is amongst the simplest of all machine learning 

algorithms: an object is classified by a majority vote of its neighbors, with the object being assigned to the 

class most common amongst its k nearest neighbors (k is a positive integer, typically small). If k=1, then 

the object is simply assigned to the class of its nearest neighbor. The common distance measures which 

are used to define the distance between two tuples τi and τj are: 

 Euclidean distance de(τi ,τj): 
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 Manhattan distance dm(τi ,τj): 
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which both come from the more general  

 Minkowski distance dM(τi ,τj): 
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where p[1,2]. 

Usually the data are normalized in order to have similar ranges (unless expert knowledge dictates 

otherwise). 

Artificial Neural Networks 

Multi-Layer Perceptron (MLP) is the most commonly used feed-forward artificial neural network model 

for pattern recognition. MLP maps sets of input data onto a set of appropriate output. An MLP consists of 

multiple layers of nodes in a directed graph, with each layer (usually) fully connected to the next one. 

Except for the input nodes, each node is called a neuron (or processing element) and it is equipped with a 

nonlinear activation function. MLP in its most simple form utilizes a supervised learning technique called 

back-propagation for training the network. MLP is a modification of the standard linear perceptron, and 

which can distinguish data that is not linearly separable.  

The output ( ) ( )l

iy n  of the neuron i  in the layer l  of a MLP network is defined: 
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where ( )( )l

ijw n  is the j-th synaptic weight at layer l, ( ) ( )l

iv n  is the induced local field of the neuron i, and φ 

is the activation function. Figure 12 presents a neural network that predicts the video quality of a video 

sample based on UMTS radio parameters. 
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 (a) GSM networks. 

 

(b) UMTS Networks 

Figure 9 Speech quality prediction of telephony service for uplink (UL) and 
downlink (DL) directions, for all available speech codecs in consumer 
mobile networks using data mining algorithms: (a) AMR FR, AMR HR and 
EFR codecs of GSM networks and; and (b) AMR WB of UMTS networks. 

 

 

 

Figure 10 Multimedia (MM) quality prediction of video telephony for uplink 
(UL) and downlink (DL) directions in UMTS consumer mobile networks. 
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Figure 11 Video quality (VQ) prediction of video telephony service for uplink 
(UL) and downlink (DL) directions in UMTS consumer mobile networks. 
 

 

 

Figure 12 A neural network for video quality prediction in case of UMTS 
video telephony. The output is the predicted quality class. 

 

CONCLUSIONS 

In this chapter we presented a holistic approach in quality of service (QoS) and quality of experience 

(QoE) characterization and prediction in mobile communication networks. Quality of Experience (QoE) 

specifically End-to-End (E2E) quality parameters experienced by the mobile users were described. So, 

System Quality of Service (SQoS) parameters and E2E Service Quality of Service (ESQoS) parameters 

were presented. An integrated framework for quality measurement and characterization was figured. 
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Moreover, the framework is enhanced with a set of prediction strategies based on advanced statistics and 

computational intelligent algorithms. So, statistical estimation with robust estimation as well as modern 

data mining and fuzzy inference techniques were employed. The proposed framework can be a toolbox 

for mobile network planning and optimization.  
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