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Abstract: This paper presents an experimental approach of the major data mining algorithms 
which can be applied to the quality prediction of provided services by contemporary mobile 
communication networks. Recent developments in performance evaluation of rollout mobile 
communication networks are based on drive-test measurement campaigns as well as on network 
monitoring and management systems. In addition, large measurement databases as well as data 
warehouses are created, updated and used for a drill-down statistics analysis. An empirical 
comparison of modern data mining methods for quality prediction and estimation of speech and 
video telephony services is presented. Learning prediction models are constructed from live 
network measurements which have been previously collected by experimental equipment during 
measurement campaigns. Practically and summing up, the proposed engineering approach is 
general and is applicable to various radio access network technologies during planning and 
optimisation phases.  
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1 Introduction 

Wireless cellular consumer communication systems have 
already been spread all around world. GSM (Global System 
for Mobile Communications) and UMTS (Universal Mobile 
Telecommunication System) are the major Radio Access 
Technologies (RATs), which have been adopted by mobile 
operators in order to provide mobile telephony, multimedia 
and internet services to mobile users (Holma and Toskala, 
2007). Classically, mobile speech, as well as video telephony 
services, is supported widely by wireless and mobile networks 
and adopted by consumers (Lee et al., 2012; Lee et al., 2010). 

Quality of Experience (QoE) describes the user experience 
(UX) of the mobile services and is drawn subjectively by 
perceptual quality algorithms (Soldani et al., 2006). On the 
other hand, Quality of Service (QoS) is well represented by 
Key Performance Indicators (KPIs) that are related to the 
network-side (Kreher, 2006). Mobile network performance 
evaluation (Ejnioui et al., 2013) can be undertaken via on-
the-field, either outdoor or indoor, measurement campaigns 
as well as via network monitoring and fixed-probing 
systems. Network measurements are can be imported, stored 
and post-processed by Database Management Systems 
(DBMS). ETSI Technical Committee for Speech and 
Multimedia Transmission Quality (STQ) published a set of 
specifications ETSI TS 102 250 (Parts 1-7) (2011) regarding 
QoS aspects for popular mobile services in GSM and 
UMTS networks. 

Both QoS and QoE are crucial factors, affecting the use of 
mobile services by the users. Nowadays, exploring and 
improving perceptions and use of mobile services is necessity 
in a continuously advancing market. For this reason, state-of-
the-art in quality is the investigation of QoS–QoE relations 
and QoE prediction models based on QoS information 
(Stankiewicz and Jajszczyk, 2011; Fiedler et al., 2010; Rifai 
et al., 2011). Consumer experience and satisfaction is a 
cornerstone for the uninterruptible usage of mobile services 
and must be assessed (Hau et al., 2012; Tseng, 2013; Zhou, 
2013). Online monitoring systems for widely adopted mobile 
services are an emerging research area (Casas et al., 2013; De 
Moor et al., 2010). Finally, QoE characterisation, evaluation 
and prediction tasks both from network/system side and user-
side are major processes for quality optimisation and 
excellence (Shaikh et al., 2010). 

While performance evaluation is usually performed by 
statistical methods, it is recommended that knowledge and 
data mining techniques can be a very good application in the 
prediction of users’ QoE. Many researchers have pointed 
out the significance of quality measurement in live mobile 
networks (Malkowski and Claßen, 2008; Nipp et al., 2007). 
Simple and advanced regression models with characterisation 
prospective have been presented in recent research works 
(Reichl et al., 2013; Pitas et al., 2013b). Also, quality 

estimation models with non-linear regression empowered  
by optimisation techniques for accuracy improvement are 
constructed in the work of Pitas et al. (2012). Subsequently, 
a fuzzy logic approach is applied by Pitas et al. (2013a). 
Furthermore, advanced analytical methods are initially 
proposed for generating speech and video quality learning 
models from network measurements (Pitas et al., 2011).  
These intelligent methods are mainly developed on knowledge 
engineering, data mining and neural networks (Laiho et al., 
2005; Khan et al., 2012; Koumaras et al., 2008). 

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 data. The motivation is 
sourced from research, industry and commercial needs. 
Communications scientists and engineers conduct intensive 
research on performance measurements analysis in order to 
explore new QoS–QoE relations and models so as to estimate 
and improve the provided quality. Moreover, commercial  
and market analysts carry out attractive marketing campaigns 
based on benchmarking results. It is noted that a 
benchmarking project can be conducted either by mobile 
operators or by regulatory authorities/agencies. Nowadays, 
consumers, who are quality demanding users, monitor the 
performance via smart applications. So, end-to-end quality is 
an established concept, which motivated the authors to 
estimate it from commercial mobile network measurements via 
measurements campaign having employed special equipment 
and modern computational methods of data mining. 

These theories and tools are the subject of the emerging 
field of Knowledge Discovery in Databases (KDD). The 
objective is to apply the data mining techniques in the QoE 
data that to best of the knowledge, this has not been 
presented in the literature before. QoS knowledge discovery 
in measurement databases is a five-step process of finding 
information and patterns can be summarised in the following 
steps: 

1 Selection: Extract QoS data from measurement sources. 

2 Pre-processing: Data cleaning, missing measurements data 
can be ignored or predicted, erroneous measurements can 
be deleted or corrected.  

3 Transformation: Measurements data integration combining 
data from multiple sources into a coherent store. Data may 
by encoded in common formats, normalised and reduced. 

4 Data mining: Application of computational algorithms 
to transformed data. 

5 Pattern interpretation and knowledge presentation: The 
pattern is evaluated by applying measures. 
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The mined knowledge is presented using visualisation 
techniques. Data mining, as a novel branch of computer 
science, is the process of extracting patterns from large 
measurement data sets by combining methodologies from 
statistics and computational intelligence with database 
systems management giving information advantage. While 
observational data sets have grown in size and complexity, 
there is a need for automatic data analysis. Intelligent 
algorithms like neural networks and decision trees are 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 (Witten  
et al., 2008). 

The research interest is concentrated in speech and  
video quality analysis and prediction using data mining 
techniques. Learning models are proposed from data in 
found in the work of Cherkassky and Mulier (2007),  
a methodology which can be focused on developing QoS 
models from measurement 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 1, where discovery of 
System QoS (SQoS), End-to-End Service QoS (ESQoS) 
(ETSI TR 126 944 v11.0.0, 2012) and QoE knowledge is 
the base for network and services optimisation, continuous 
UX improvement and KPIs re-engineering. 

Figure 1 Five-step process of QoS knowledge discovery in 
measurements databases for consumer experience 
improvement 

 

The outline of the paper is as follows: QoS and QoE aspects 
of current mobile communication networks regarding mobile 
speech and video telephony are briefly presented in Section 2. 
The most important data mining processes and algorithms for 
intelligent QoS analysis are discussed in Section 3. Section 4 
is dedicated to present a computational intelligent strategy for 
both network and service optimisation based on experimental 
measurements campaign. In Section 5, numerical results of 
quality prediction are figured out. Finally, the conclusions 
and further research work are presented in Section 6. 

2 Quality of service in mobile radio networks 

2.1 Mobile network architectures – System QoS 
(SQoS) 

Nowadays, mobile networks have been implemented on 
second (2G), third (3G) and beyond 3G (B3G) generation 
RANs. 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 (Shin, 2011; Wang et al., 
2013). 

2.1.1 Radio KPIs in GSM networks 

Quality of GSM/EDGE RAN (GERAN) coverage is 
described basically by two indicators, according to ECC 
report 118 (Electronic Communications Committee (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). 

2.1.2 Radio KPIs of UMTS networks 

Quality of UMTS terrestrial RAN (UTRAN) coverage is 
described basically by three indicators, according to the 
ECC report 103 (Electronic Communications Committee 
(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  
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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 per chip, Ec, to the total received energy or  
the total power spectral density, N0. The radio quality 
measuring metric Ec/N0 is identical to RSCP/RSSI. 

2.1.3 Radio KPIs of LTE networks 

Quality of evolved UTRAN (e-UTRAN) coverage is 
described basically by three indicators, according to ETSI 
TS 136 214 (ETSI TS 136 214 v11.1.0, 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. 

2.2 ESQoS and QoE of commercial mobile  
radio networks 

2.2.1 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 been adopted  
different RATs 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 (2003). The 
next generation voice quality testing algorithm is POLQA 
(Perceptual Objective Listening Quality Analysis) and it is 
under standardisation by the recommendation ITU-T P.863 
(2011). The new algorithm provides significantly improved 
benchmark accuracy for 3G and B3G, 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. 

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

 1, ,i iNs
   time moments by the i-th calling party, 

     1 1 2 2i i i i i iN iNs s
s s s   
 

S   (1) 

with the corresponding degraded received samples  1' , , 'i iNs
   

time moments by the i-th calling party 

     1 1 2 2' ' 'i i i i i iN iNs s
s s s   
 

S     (2) 

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 
were submitted to the subjective appreciation of a panel of 
service users. 

In case of benchmarking, where there are R2G and R3G 
commercial GERANs and UTRANs, respectively, so as 

2 3= G GR R R  is the total number of RANs, it is necessary to 

employ a measurement system with R test mobile phones  
as well as R available landlines in order to conduct 
simultaneously test speech calls (s-calls). So, let 
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T
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be the total  sR N  generated speech samples (Ns samples 

per speech call), and 
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indicator can be computed both for the mobile phone, M-side, 
and the landline network, L-side. Function fs() is corresponding 
to the PESQ algorithm and the results conversion in MOS 
listening quality objective. Furthermore, is the assessment 
result of the j-th sample of the i-th test speech calls. 

Mathematical models are recommended in ETSI TR 102 
506 (ETSI TR 102 506 v1.4.1, 2011) 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, RE

iMOS , and the effect of a 

very bad sample, BD
iMOS . 

Call quality, RE
iMOS , is computed by 

=1
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Call quality, BD
iMOS , is computed by 

 = 0.3 minBD RE s call s
i i i ijMOS MOS MOS MOS    (7) 

where ωj is a weighing factor. 
In the following analysis, it is defined that i iM L  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. 
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i iL M  or L2Mi is the direction from the i-th landline 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 {1,2,3}i  for GSM and {4,5,6}i  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 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 (EFR) codec 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. Therefore, 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 landline party. On the other hand, a 
Mobile-Terminated Call (MTC) is defined as a call from a 
landline party to a mobile terminal. In the measurements’ 
campaign set-up the MOC:MTC ratio was considered as 1:1. 

2.3 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 (ETSI TR  
102 493 v1.2.1, 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 synchronised within certain limits to provide lip-synch. 
Figure 2 shows good, poor and bad quality samples of the 
test-video movie received by the experimental handy. 

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. 

Figure 2 Quality of consumer experience using video-telephony; 
samples of the test-video movie received by the 
experimental handheld user equipment (see online 
version for colours) 

 

 

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 (2008), 
and a perceptual video quality measurement in the presence of 
a reduced reference, recommended with ITU-T J.246 (2008). 
Recently, ITU-T J.341 (2011) is recommended objective 

perceptual multimedia HD video quality measurement of HD 
video in the presence of a full reference. Perceptual video 
quality metrics should be capable of identifying artefacts, 
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 characterisation of the degrade 
factors during compression, mobile radio transmission and 
decoding processes. Video quality is computed by SwissQual 
VQuad 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 v vi i i i i iN iNv v v    V   (8) 

with the corresponding degraded received samples  1' , , 'i iNv
   

time moments by the i-th called party, respectively, 

      1 1 2 2' ' 'i i i i i iN iNv v
v v v    V     (9) 

In a benchmarking study, where R3G UTRANs are deployed, 
there are a number of 3G vR N  generated video samples, 
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and 3G vR N  of degrades received samples, 

   
1 2 3
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  V V V V  (11) 

If fv() 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 is 
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2.4 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 (ITU-T SG12 COM12-
D14-E, 2001; Hands, 2004). Besides, voice and video 
synchronisation (lip-sync) or delay (d), MOSd, is crucial in 
the total multimedia perceptual quality MOSt that is not 
depicted in the previous formula. A multimedia quality 
integration function can be formulated as.  

  1 2 3 4= . .mm s vMOS c c MOS c c MOS   (13) 

 5 6 7= exp /dMOS c c d c    (14) 

   =t m dMOS MOS MOS         (15) 

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

are constants that can be found in the work of Holma and 
Toskala (2007) and ITU-T J.246 (2008). For the purpose of 
this study, ITU-T P.911 recommendation (ITU-T P.911, 
1998) is used for speech (audio)-visual quality computation 
MOSmm as it is presented:  

=mm s vMOS a MOS MOS b    (16) 

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

3 Data mining algorithms for QoS estimation: 
figures of merit 

Classification is a supervised learning task (Miao et al., 2013). 
In classification, each sample x is assigned to one of the several 
classes C. 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 labelled data, that is, using a data set consisting of N 
examples of (xi, Ci) pairs, {1, 2, , }i N  . Classification 

performance depends greatly on the characteristics of the 
measurements data to be classified (Yan et al., 2013). There is 
no single classifier that works best on all given problems. For 
the scope of the research, a number of data mining algorithms 

were employed. More specifically, decision trees, k-nearest 
neighbours and neural networks. 

3.1 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 (Cai et al., 
2013). 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 it will be 
developed 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 data set 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 data set that 
satisfy specified attribute value tests. 

3.2 k-Nearest Neighbours 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 neighbours, with the object being 
assigned to the class most common amongst its k-nearest 
neighbours (k is a positive integer, typically small). If k = 1, 
then the object is simply assigned to the class of its nearest 
neighbour. The common distance measures which are used to 
define the distance between two tuples τi and τj are following: 

 Euclidean distance  ,e i jd   :  

 2

=1

( , )=
k

e i j ih jh
h
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where [1, 2]p . 

Usually the data are normalised in order to have similar 
ranges, unless expert knowledge dictates otherwise. 

3.3 Artificial neural networks 

Multi-Layer Perceptron (MLP) is the most commonly used 
feedforward artificial neural network model for pattern 
recognition (Haykin, 2009). MLP maps set 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 non-linear activation 
function (Cui et al., 2012). MLP in its most simple form 
utilises a supervised learning technique called back-
propagation for training the network. MLP is a modification 
of the standard linear perceptron, which can distinguish data 
that is not linearly separable. 

The output of the neuron in the layer of an MLP 
network is defined: 
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( ) ( ) ( 1)
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where the j-th synaptic weight at layer l is the induced local 
field of the neuron i, and φ is the activation function. 

4 Speech and video quality prediction of  
mobile service 

4.1 Measurements campaign 

The research experiment was conducted with the SwissQual 
Diversity Benchmarker measurements equipment, which is 
suitable for drive-test benchmarking campaign for all 
available commercial mobile radio networks evaluating all 
providing both CS and PS services (SwissQual AG, 2013). 

The main probing system consists of discrete PC 
modules (PCMs), which are connected to the test user 
equipment (UEs); mobile phone or USB data-modem card 
via data cables. All test UEs are connected to equal in 
number car-roof external antennas with a cut-in attenuator 
in order to add attenuation (10–15 dB). A Controller Base 
Module (CBM) supplies power to the system, hosts a fast 
switch to interconnect all PCMs and deliver GPS time-geo 
positioning reference to all PCMs as well. A monitoring 
laptop is used for user-to-measurement system interface, 
system configuration, measurements campaign set-up, real-
time monitoring or playback of measurements. A fast 
frequency scanner (SCN) is used to capture coverage levels 
of all GSM and WCDMA bands of interest. The probing 
system generates M-side measurement files from all test 
UEs and scanner triggered by the GPS. The system is 
supplied by the vehicle battery via a 12/48 V DC converter. 

On the other hand, there is a voice server which is 
connected to discrete ISDN lines, number equal to test mobile 
phones, in order to initiate or answer automatically test calls. In 
case of video-calls, a video/multimedia server is used in case. 
Landline server generates L-side measurements files. It is  
very crucial for optimisation purpose to have available 
measurements both from scanner and test UEs. 

During a measurements campaign, a set of measurements 
data streams are produced: 

 M-side: for every Mi test UE, there is a measurement data 
stream to the database of its PCM. Also, an additional 
measurement data stream is derived from the scanner to 
adjacent PCM. At the end of the measurements 
campaign, Ns + 1 total files have been created to Ns 
PCMs and they are collected by the monitoring laptop. 

 L-side: each test mobile phone communicates with one 
dedicated ISDN line of the voice server. So, for every 
Li line, there is a discrete measurement data stream to 
voice-server database. Finally, Ns measurement files 
have been created at the fixed server system.  

4.2 Quality of consumer experience  
prediction platform 

Post-processing analysis is conducted on a workstation  
where both M-side and L-side measurements are introduced 
in an MS SQL server DBMS via a post-processing  
analysis software. A measurements database is created for a 
measurements campaign with a measurements fusion process. 
SQL-queries are used in order to extract KPIs either for 
statistics reporting or maps generating. The innovation is to 
conduct knowledge analysis on measurements databases  
in order to find out QoS knowledge, which means to develop 
learning models from real-world measurements campaign 
data. Waikato Environment for Knowledge Analysis (Machine 
Learning Group, 2013) is selected in order to apply machine 
learning algorithms. Specifically, it is a Java open source suite 
which contains tools for data pre-processing, classification, 
regression, clustering, association rules, and visualisation. 

A detailed set of processes for prediction model 
generation is presented in Figure 3. A training set was 
constructed as well as a validation set from measurements; 
known the results of radio QoS or system QoS (SQoS), and 
end-to-end service QoS (ESQoS). The model was evaluated 
and corrected in order to extract the final one. The final 
model is now used for ESQoS estimation from SQoS. 

The objective research scope is focused on building 
models for predicting/estimating the quality of speech and 
video services. The input values are related to the quality  
of radio conditions such as RxLevSub and RxQualSub 
regarding GSM radio as well as CPICH RSCP and Ec/N0 
regarding UMTS radio. The output is an estimation of the 
MOS speech quality as well as MOS video quality. The 
proposed intelligent strategy for QoS prediction and 
optimisation is summarised and depicted in Figure 4. The 
framework can be expanded to LTE networks, so in that 
case radio parameters of e-UTRAN are: RSRP and RSRQ. 
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Figure 3 A quality prediction model generation and optimisation flow based on real-network measurements  

 

Figure 4 A benchmarking framework, for quality of consumer experience prediction, based on drive-test measurements campaign. 
Empirical models are extracted with data mining techniques and which are useful in mobile networks re-planning, optimisation 
as well as for user experience improvement (see online version for colours) 

 

5 Numerical results and discussion 

An experimental measurements campaign was conducted 
along the main urban road grid of Athens, Greece, where 
three mobile operators have commercially deployed 2G and 
3G mobile networks. The service under test was GSM and  
 
 

UMTS speech telephony. It is noted that currently pilot 4G 
networks provide mobile broadband internet services in 
limited areas. 

Moreover, measurement files of UMTS video telephony 
collected from a campaign along Swiss national roads are 
used. Measurement databases were built and the most important  
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computational intelligence algorithms were employed in order 
to generate quality learning models. The scope of the analysis 
is the accuracy estimation of the prediction models. 

Five categories Ci, {1, ,5}i   and a confusion matrix 

are defined. Given m = 5 categories, a confusion matrix is a 
m × m table where each element Cij is the number of the 
database tuples that the predicted class was Cj while the true 
class was Ci, as shown in Table 1. 

Table 1 Confusion matrix 

Actual class Quality Predicted classes 

C1 Bad C11 C12 C13 C14 C15 

C2 Poor C21 C22 C23 C24 C25 

C3 Fair C31 C32 C33 C34 C35 

C4 Good C41 C42 C43 C44 C45 

C5 Excellent C51 C52 C52 C53 C55 

While accuracy is the most important performance indicator 
of an algorithm, there also additional measures like 
predictive accuracy, speed (computational cost), robustness, 
scalability, interpretability, and quality or goodness of rules. 
The results were obtained from a preliminary measurements 
data analysis. The single most striking observation to 
emerge from the data comparison was that data mining is an 
intelligent and reliable tool for quality prediction model 
generation for speech and video consumer services. 

Figure 5 presents speech quality prediction of telephony 
service for uplink (UL) and downlink (DL) directions as 
well as for all available speech codecs (AMR FR, AMR HR 
and EFR) in GSM mobile networks using data mining 
algorithms. The histogram in Figure 6 indicates the 
accuracy in case of UMTS telephony. In both cases, the 
accuracy is above 77.50% and up to 85.20%. Comparing the 
two results, it is strongly recommended that speech quality 
prediction can be conducted and improved by data mining. 

Figure 5 Speech quality prediction of telephony service for 
uplink (UL) and downlink (DL) directions, for all 
available speech codecs (AMR FR, AMR HR and 
EFR) in GSM consumer mobile networks 

 

Moreover, in case of UMTS video-telephony, the accuracy 
for video (VQ) and overall multimedia (MM) quality is 

presented in Figures 7 and 8. One unanticipated finding in 
case of video telephony is that the accuracy is rather 
unsatisfied. Challenges beyond radio are strongly involved 
in quality degradation, number and type of lost image 
frames, and of course the video codec (3G-324M). 

Figure 6 Speech quality prediction of telephony service for uplink 
(UL) and downlink (DL) directions, for AMR WB speech 
codecs in UMTS consumer mobile networks 

 

Figure 7  Video quality (VQ) prediction of video telephony 
service for uplink (UL) and downlink (DL) directions 
in UMTS consumer mobile networks 

 

Figure 8 Multimedia (MM) quality prediction of video telephony 
for uplink (UL) and downlink (DL) directions in UMTS 
consumer mobile networks 
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Turning now to the experimental evidence on quality 
prediction, it is concluded that decision trees and k-NN 
(k = 1) achieve better accuracy in comparison with MLP 
neural networks. It is interesting to note that in all cases  
of this study, the analysis strategy gives compensatory 
models. This finding corroborates the idea of learning from 
measurements campaign that is a foolproof consumer 
experience comprehension. Finally, changing the setting 
parameters, the supervised or unsupervised learning method, 
is a future work. This study set out with the aim of assessing 
the accuracy of three major algorithms; of course there is a 
need to engage and evaluate more than these. 

6 Conclusions 

Computational intelligence may be adopted easily in the 
prediction of the quality of consumer experience. Huge 
measurements data can be taken in advance especially for 
patterns and prediction models constructions. An innovative 
consumer-centric framework was designed, implemented and 
evaluated mainly based on measurements campaign of real-
world mobile multimedia networks. While user experience is 
of utmost importance, the cornerstone of the mobile operators, 
the proposed strategy can be easily applied and be expanded to 
all services and wireless networks. 

Moreover, ubiquitous as well as multimedia data mining 
are supposed to be the state-of-the-art in computational 
techniques. The widespread use of mobile devices and 
multimedia content delivery is a motive for ubiquitous 
computing that facilitates continuous access to data and 
information by service-experienced mobile consumers with 
smart handheld devices. Prediction models can adapt 
provided services to the users’ radio conditions in order to 
enhance the experience. Probably, QoE-based dynamic 
charging systems are necessary to be built based on these 
models in order to improve consumer care. 

Acknowledgements 

The research was partially funded by the European Union 
and the General Secretariat of Research and Technology, 
Greece, during the AKMΩN project. The authors would  
like to thank Mr. Arthur Tollenaar from SwissQual AG, 
Switzerland, for the provision of live network drive-test data 
regarding of video telephony service. 

References 

Cai, J-H., Zhao, X-J. and Xun, Y-L. (2013) ‘Association rule 
mining method based on weighted frequent pattern tree in 
mobile computing environment’, International Journal of 
Wireless and Mobile Computing, Vol. 6, No. 2, pp.193–199. 

Casas, P., Seufert, M. and Schatz, R. (2013) ‘YOUQMON: a 
system for on-line monitoring of YouTube QoE in operational 
3G networks’, SIGMETRICS Performance Evaluation 
Review, Vol. 41, No. 2, pp.44–46.  

Cherkassky, V. and Mulier, F.M. (2007) Learning from Data: 
Concepts, Theory, and Methods, 2nd ed., Wiley-IEEE Press, 
Piscataway, NJ. 

Cui, Z., Yang, C. and Sanyal, S. (2012) ‘Training artificial neural 
networks using APPM’, International Journal of Wireless 
and Mobile Computing, Vol. 5, No. 2, pp.168–174. 

De Moor, K., Ketyko, I., Joseph, W., Deryckere, T., De Marez, L., 
Martens, L. and Verleye, G. (2010) ‘Proposed framework for 
evaluating quality of experience in a mobile, testbed-oriented 
living lab setting’, International Journal of Mobile Networks 
and Applications, Vol. 15, No. 3, pp.378–391. 

Ejnioui, A., Otero, C.E. and Kostanic, I. (2013) ‘A stochastic 
approach for evaluating quality of service in wireless cellular 
networks’, International Journal of Wireless and Mobile 
Computing, Vol. 6, No. 3, pp.201–208. 

Electronic Communications Committee (ECC) Report 103 (2007) 
‘UMTS coverage measurements’, European Conference of 
Postal and Telecommunication Administrators (CEPT). 

Electronic Communications Committee (ECC) Report 118 (2008) 
‘Monitoring methodology to assess the performance  
of GSM networks’, European Conference of Postal and 
Telecommunication Administrators (CEPT). 

ETSI TR 102 493 v1.2.1 (2009) Guidelines for the Use of Video 
Quality Algorithms for Mobile Applications. 

ETSI TR 102 506 v1.4.1 (2011) Speech and multimedia Transmission 
Quality (STQ); Estimating Speech Quality per Call. 

ETSI TR 126 944 v11.0.0 (2012) End-to-end multimedia services 
performance metrics. 

ETSI TS 102 250 (Parts 1-7) (2011) QoS aspects for popular 
services in GSM and 3G networks. 

ETSI TS 136 214 v11.1.0 (2012) LTE; Evolved Universal Terrestrial 
Radio Access (E-UTRA); Physical layer; Measurements. 

Fiedler, M., Hoßfeld, T. and Tran-Gia, P. (2010) ‘A generic 
quantitative relationship between quality of experience and 
quality of service’, IEEE Network, Vol. 24, No. 2, pp.36–41. 

Hands, D. (2004) ‘A basic multimedia quality model’, IEEE 
Transactions on Multimedia, Vol. 6, No. 6, pp.806–816. 

Hau, Y.S., Kim, G. and Kim, B. (2012) ‘Antecedents of user 
satisfaction in the context of mobile data services: the moderating 
role of variety and rate of usage’, International Journal of Mobile 
Communications, Vol. 10, No. 6, pp.617–636. 

Haykin, S.O. (2009) Neural Networks and Learning Machines, 3rd 
ed., Prentice Hall, Upper Saddle River, NJ. 

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

ITU-T J.246 (2008) Perceptual Visual Quality Measurement 
Techniques for Multimedia Services Over Digital Cable 
Television Networks in the Presence of a Reduced Bandwidth 
Reference, ITU. 

ITU-T J.247 (2008) Objective Perceptual Multimedia Video 
Quality Measurement in the Presence of a Full Reference, 
ITU. 

ITU-T J.341 (2011) Objective Perceptual Multimedia Video 
Quality Measurement of HDTV for Digital Cable Television 
in the Presence of a Full Reference, ITU. 

ITU-T P.862 (2001) Perceptual Evaluation of Speech Quality 
(PESQ): An Objective Method for End-to-End Speech Quality 
Assessment of narrow-Band Telephone Networks and Speech 
Codecs, ITU. 

ITU-T P.862.1 (2003) Mapping Function for Transforming P.862 
Raw Result Scores to MOS-LQO, ITU. 



44 C.N. Pitas, A.D. Panagopoulos and P. Constantinou  

ITU-T P.863 (2011) Perceptual Objective Listening Quality 
Assessment, ITU. 

ITU-T P.911 (1998) Subjective Audiovisual Quality Assessment 
Methods for Multimedia Applications, ITU. 

ITU-T SG12 COM12-D14-E (2001) Example of Multimedia 
Quality Integration Function for Videophones, NTT Japan, 
International Telecommunication Union. 

Khan, A., Sun, L. and Ifeachor, E. (2012) ‘QoE prediction model 
and its application in video quality adaptation over UMTS 
networks’, IEEE Transactions on Multimedia, Vol. 14, No. 2, 
pp.431–442. 

Koumaras, H., Kourtis, A., Lin, C-H. and Shieh, C-K. (2008) ‘End-to-
end prediction model of video quality and decodable frame rate 
for MPEG broadcasting services’, International Journal on 
Advances in Networks and Services, Vol. 1, No. 1, pp.19–29. 

Kreher, R. (2006) UMTS Performance Measurement: A Practical 
Guide to KPIs for the UTRAN Environment, Wiley. 

Laiho, J., Raivio, K., Lehtimaki, P., Hatonen, K. and Simula, O. (2005) 
‘Advanced analysis methods for 3G cellular networks’, IEEE 
Transactions on Wireless Communications, Vol. 4, No. 3, 
pp.930–942. 

Lee, B.G., Lee, Y. and Kim, S.C. (2010) ‘The continuous use 
behaviour of 3G mobile video phone services’, International 
Journal of Mobile Communications, Vol. 8, No. 4, pp.371–391. 

Lee, S., Noh, M-J. and Kim, B.G. (2012) ‘An integrated adoption 
model for mobile services’, International Journal of Mobile 
Communications, Vol. 10, No. 4, pp.405–426. 

Machine Learning Group (2013) Weka 3: Data Mining Software in 
Java, University of Waikato, New Zealand. 

Malkowski, M. and Claßen, D. (2008) ‘Performance of video 
telephony services in UMTS using live measurements and 
network emulation’, International Journal of Wireless 
Personal Communications, Vol. 46, pp.19–32. 

Miao, C.S., Meng, L., Yuan, C.Q., Wang, X.W. and Chang, G.R. 
(2013) ‘Traffic classification combining flow correlation and 
ensemble classifier’, International Journal of Wireless and 
Mobile Computing, Vol. 6, No. 6, pp.556–563. 

Nipp, O., Wittneben, A., Kuhn, M. and Schweinhuber, T. (2007) 
‘Speech quality evaluation and benchmarking in cellular 
mobile networks’, Proceedings of the 16th IST Mobile & 
Wireless Communications Summit, 1–5 July, pp.1–5. 

Pitas, C.N., Charilas, D.E., Panagopoulos, A.D. and Constantinou, 
P. (2013a) ‘Adaptive neuro-fuzzy inference models for 
speech and video quality prediction in real-world mobile 
communication networks’, IEEE Wireless Communications, 
Vol. 20, No. 3, pp.80–88. 

Pitas, C.N., Chourdaki, K.E., Panagopoulos, A.D. and Constantinou, 
P. (2011) ‘QoS mining methods for performance estimation  
of mobile radio networks’, Proceedings of the International 
Conference on Measurements of Audio, Speech and Video Quality 
in Networks (MESAQIN’11), Czech Technical University, 
Prague, Czech. 

 

 

 

 

 

 

 

 

Pitas, C.N., Fertis, A.G., Panagopoulos, A.D. and Constantinou, P. 
(2012) ‘Robust optimization in non-linear regression for 
speech and video quality prediction in mobile multimedia 
networks’, Operations Research Proceedings 2011 – Selected 
Papers of the International Conference on Operations 
Research (OR’11), pp.381–386. 

Pitas, C.N., Panagopoulos, A.D. and Constantinou, P. (2013b) ‘Speech 
and video telephony quality characterization and prediction  
of live contemporary mobile communication networks’, 
International Journal of Wireless Personal Communications, 
Vol. 69, No. 1, pp.153–174. 

Quinlan, J.R. (1993) C4.5: Programs for Machine Learning, 
Morgan Kaufmann, CA, USA. 

Reichl, P., Tuffin, B. and Schatz, R. (2013) ‘Logarithmic laws in 
service quality perception: where microeconomics meets 
psychophysics and quality of experience’, Telecommunication 
Systems, Vol. 52, No. 2, pp.587–600. 

Rifai, H., Mohammed, S. and Mellouk, A. (2011) ‘A brief 
synthesis of QoS-QoE methodologies’, Proceedings of the 
10th International Symposium on Programming and Systems 
(ISPS’11), pp.32–38. 

Shaikh, J., Fiedler, M. and Collange, D. (2010) ‘Quality of 
experience from user and network perspectives’, Annáles des 
Télécommunications, Vol. 65, Nos. 1/2, pp.47–57. 

Shin, D-H. (2011) ‘The influence of perceived characteristics of 
innovating on 4G mobile adoption’, International Journal of 
Mobile Communications, Vol. 9, No. 3, pp.261–279. 

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

Stankiewicz, R. and Jajszczyk, A. (2011) ‘A survey of QoE 
assurance in converged networks’, Computer Networks,  
Vol. 55, No. 7, pp.1459–1473. 

SwissQual AG (2013) Diversity Benchmarker, Switzerland. 

Tseng, K-J. (2013) ‘Assessing the indicators of reuse intention  
of mobile services’, International Journal of Mobile 
Communications, Vol. 11, No. 3, pp.213–224. 

Wang, P., Liu, F., Xing, W., Wang, N. and Xu, X. (2013) ‘An 
algorithm for target cell selection based on cells’ location 
relationship and coverage scope in LTE system’, International 
Journal of Wireless and Mobile Computing, Vol. 6, No. 2, 
pp.109–114. 

Witten, I.H., Frank, E. and Hall, M.A. (2008) Data Mining: 
Practical Machine Learning Tools and Techniques, 3rd ed., 
Morgan Kaufmann, MA, USA. 

Yan, X., Luo, W., Wu, Q. and Sheng, V.S. (2013) ‘A hybrid 
intelligent data classification algorithm’, International 
Journal of Wireless and Mobile Computing, Vol. 6, No. 6, 
pp.573–580. 

Zhou, T. (2013) ‘Understanding continuance usage of mobile 
services’, International Journal of Mobile Communications, 
Vol. 11, No. 1, pp.56–70. 


