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AND PHILIP CONSTANTINOU, NATIONAL TECHNICAL UNIVERSITY OF ATHENS

ABSTRACT
This article presents a unified Quality of Service (QoS) prediction methodology based on
neuro-fuzzy inference systems that can be used
in contemporary rollout mobile communication
networks. Our work is concentrated on radio key
performance indicators of mobile radio access
networks that affect speech and video quality of
wireless multimedia communications, and on
how we can estimate Quality of end-user Experience (QoE) using fuzzy-based techniques. We
propose a methodology that is based on modern
experimental drive-test equipment with which a
measurement campaign is configured and conducted in various environments. Afterwards,
ANFIS models are developed based on real network measurements and numerical results are
presented.

INTRODUCTION
Quality of service is the cornerstone in modern
cellular communication networks planning and
optimization. Especially, speech and video quality are of the most important points in communication. QoE is the overall acceptability of an
application or service, as perceived subjectively
by the end-user. In general, QoE includes the
complete end-to-end (E2E) wireless communication system effects as well as takes into account
multidimensional concepts of user experience
(UX); expectations, emotions, prior experiences
and the context/ application of use and interaction. QoS metrics are classified into two main
categories: system-based and service-independent QoS metrics which describe the System
QoS (SQoS); and service-dependent metrics that
describe the E2E Service QoS (ESQoS) or objectively the QoE. ESQoS is considered the “objective” QoE.
Numerous methodologies have been developed for assessing provided mobile services in
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wireless networks while most of them have been
constructed widely on statistics and recently on
computational intelligence techniques. Performance evaluation of mobile networks is mainly
conducted by network monitoring systems [1]
and is predicated mainly by on the field measurement campaign as it is described in details in
specifications ETSI TS 102 250, parts 1–7 [2].
Also, network emulation in adjunct to live network performance measurements for QoS evaluation may be conducted [3]. Afterwards, a drill
down QoS analysis of the live network measurements is the next step in performance assessment. On the one hand, a planning process is
commonly based on radio coverage prediction,
while an optimization process is structured on
manually trouble scanning and shooting. Our
research target is to propose a methodology on
developing ESQoS prediction models by liveworld network measurements.
Non-linear regression models have been proposed for quality prediction [4]. Beyond
advanced statistics, data-mining based methods
for performance estimation turned to advantage
live-network measurements have also been proposed in [5]. More specifically, classification
algorithms, like k-nearest neighbors, decision
trees and multi-layer perceptron neural networks
have been comparatively examined in terms of
accuracy.
There are some situations in which information may be hard or even impossible to be quantified due to its nature, and thus, it can only be
expressed in linguistic terms. In other cases, precise quantitative information cannot be provided
because it is either unavailable or the cost for its
computation is too high and an approximate
value can be tolerated. In this case linguistic
terms can be used as well instead of numeric values. Fuzzy logic has been used in various
telecommunications and engineering problems
due to its ability to efficiently address the innate
uncertainty, caused for example by the decision
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RAN

KPIs

Description

RxLevFull
RxLevSub

Received signal strength on serving cell measured, in dBm, on all slots and on
a subset of slots respectively.

RxQualFull
RxQualSub

Received signal quality on serving cell, measured on all slots and on a subset
of the slots respectively. It is a value between 0 and 7 and corresponds to the
estimated BER.

RSCP (Received Signal Code Power)

Received power on one code measured, in dBm, on the pilot bits of the PCPICH (Primary Common Pilot Channel).

RSSI (Received Signal Strength Indicator)

Wideband received power, in dBm, within the relevant channel bandwidth.

Ec/N0

Received energy per chip Ec, divided by the power density in the band. The
Ec/N0, in dB, is identical to RSCP/RSSI.

RSRP (Reference Signal Received Power)

Linear average, in dBm, over the power contributions of the resource elements
that carry cell-specific reference signals within the considered measurement
frequency bandwidth.

E-UTRAN Carrier RSSI

Linear average, in dBm, of the total received power observed only in OFDM
symbols containing reference symbols over N number of resource blocks (RBs)
by the UE from all sources.

RSRQ (Reference Signal Received Quality)

The ratio, in dB, N ¥ RSRP/(E-UTRAN Carrier RSSI).

GERAN

UTRAN

e-UTRAN

Table 1. KPIS of 2G, 3G and 4G RANS.
maker’s judgment, the equipment’s errors, the
impact of external factors etc. Related research
work on ANFIS-based (Adaptive Neuro-Fuzzy
Inference Systems) quality prediction has been
conducted in various works. For example, an
application of ANFIS in the framework of network selection can be found in [6]. According to
this approach, the estimated performance of
each candidate network is evaluated in terms of
a set of QoS metrics and a decision is finally
made. The authors of [7] address the issue of
video quality prediction through ANFIS prediction models. However, in this work the video
quality models have been extracted by simulation data of video transmission over a 3G multimedia network. Even though such approaches
present scientific interest, their practical value is
limited by the fact that data that has been used
for the prediction depend strongly on the configuration parameters of the simulation and consequently cannot be used for general purposes or
calculations.
The contribution of this article is a strategy
for ESQoS prediction models that can be applied
in various mobile radio access networks. By
deploying fuzzy logic we address the problem of
uncertainty and variance that is innate in all estimations. The advantage of this approach is that
predictions are not drastically influenced by
small sets of erroneous or non-indicative measurements. Additionally, we present results
deriving from this analysis by using live-world
network measurements. The prediction data is
almost identical to actual measurements. Therefore, these models may be used by network engineers who don’t have the required equipment, in
order to estimate the ESQoS.
The remainder of the article is structured as
follows: we discuss general aspects of speech and
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video quality in mobile networks, focusing on
respective quality indicators. The proposed quality prediction methodology is introduced, while
we then emphasize measurements acquisition
and analysis. We provide background information on fuzzy inference systems and the configuration of ANFIS. Some interesting numerical
results are presented and an extensive discussion
is made. Finally, the work is concluded.

SPEECH AND VIDEO QUALITY IN
MOBILE NETWORKS
SQOS ASPECTS OF
COMMERCIAL MOBILE RADIO NETWORKS
Key Performance Indicators (KPIs) are a set of
measurements used to keep track of the network
status over the time. KPIs can be divided into
two types: whether they describe the network’s
resources (e.g. bandwidth availability, coverage,
etc) or the provisioned SQoS. In the framework
of this work the commercial networks considered are GSM and UMTS. In Table 1, the most
important KPIs of GERAN, UTRAN and eUTRAN are summarized and explained according to technical reports [8–10].

ESQOS ASPECTS OF
MOBILE SPEECH AND VIDEO TELEPHONY
Speech Quality — In voice telephony, especially
when adaptive multi-rate (AMR) speech codecs
(wideband — AMR WB, full rate — AMR FR,
and half rate — AMR HR) are used to compress the bandwidth requirement, MOS (Mean
Opinion Score) provides a numerical indication
of the perceived quality of received media after
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Figure 1. Quality prediction methodology.

compression and/or transmission. MOS is the
arithmetic mean of all the individual scores, and
can range from 1 (bad quality) to 5 (excellent
quality).
PESQ (Perceptual Evaluation of Speech
Quality) was particularly developed to model
subjective tests commonly used in telecommunications to assess the voice quality by human
beings [11]. PESQ can be applied to provide
an E2E quality assessment for a network.
POLQA (Perceptual Objective Listening Quality Analysis) is the next-generation voice quality testing technology for fixed, mobile and IP
based networks. POLQA has been selected by
ITU-T as the new voice quality testing standard, P.863, and will be used with HD (High
Definition) Voice, 3G and 4G/LTE (Long
Term Evolution).

Video Quality — Video quality is a characteristic
of a video passed through a video
transmission/processing system, a formal or
informal measure of perceived video degradation. Video processing systems may introduce
some amounts of distortion or artifacts in the
video signal, so video quality evaluation is an
important problem. The most traditional way of
evaluating video quality is calculation of the
PSNR (Peak Signal-to-Noise Ratio) between the
original video signal and signal passed through
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this system. PSNR is the most widely used objective video quality metric. Perceptual evaluation
of video quality, PEVQ (Perceptual Evaluation
of Video Quality), is a standardized E2E measurement algorithm to score the picture quality
of a video presentation by means of MOS.
The one-way overall audiovisual quality can
be predicted from the one-way audio and oneway video quality as derived from voice only and
video only subjective experiments. According to
ITU-T P.911 [12], the total quality, MOS t, of a
video file can be estimated from the quality of
audio, MOSa, and pure video, MOSv:
MOSt = a + b.MOSa.MOSv

(1)

where the parameters are set to a = 0.765 and b
= 0.1925.
Besides, voice and video synchronization (lipsync) is crucial in total audiovisual perceptual
quality that is not depicted in the previous formula. In the rest of our article, we assume that
audio, speech or voice quality is referred to the
same performance indicator.

QUALITY PREDICTION METHODOLOGY
The contribution of this article is the provision
of a model for predicting quality of speech and
video when measurements of only basic KPIs
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are available, while MOS values cannot be estimated or recorded. The main objective is to
exploit acquired measurements from real
deployed wireless networks and construct models that will enable us to have accurate predictions of MOS values. The proposed
methodology is depicted in Fig.1 and consists of
four steps:
Acquisition of Measurements: This phase is
divided into two basic processes. Firstly, experimental equipment must be configured in details
in order to perform a measurement campaign.
A measurement scenario must be described in
order to conduct test speech and video calls
from test mobile phones to Public Land Mobile
Network (PLMN), practically to a voice/video
server. Moreover, all layers signaling is captured as well as all exchanged speech/video
samples of all test calls are recorded and perceptually evaluated regarding speech and video
quality. The measurement campaign is performed along a route where more than one
mobile operator can be assessed for benchmarking purpose.
Analysis of Datasheets: When a measurement
campaign has been completed, the measurements files shall be introduced in a relational
data base. The data base is structured on a set of
attributes tables that are related and completed
with both network and service values (KPIs). A
post processing tool is used for database management, KPIs statistics reporting, and map plotting.
Construction of FIS: In this step Fuzzy Inference Systems are constructed and trained
through ANFIS using the acquired datasheets.
The system is then optimized through additional
testing datasheets. The outcome of this process
is the provision of quality prediction systems in
terms of MOS based on given input.
Quality Prediction: For all scenarios considered, FIS are exported in the form of executable
files. Depending on the case, a proper FIS is
triggered and a prediction is computed depending on the provided measured data. This feature
is vital to system performance, since minim-al
computational load is required for predictions.
Contrarily, training of the prediction model is a
time-consuming process and can be realized
periodically off-line.
At this point it must be noted that in the
framework of this research we examine separately the transmissions originating either from the
drive-test vehicle (Mobile Terminal — MT) or
the Base Station (BS), as it can be observed
from Fig. 1. Throughout the current article,
these two directions are noted as uplink (UL)
and downlink (DL).
Our prediction strategy could be implemented in a software platform used for QoSc e nt ri c ra d i o n e t w o r k p l an n i n g a nd
optimization. Measurements collections per
type of area, like motorway, city, rural environments, can be turned to advantage in real
network deployment and fine tuning if learning models can be enriched with network moni t o ri ng t e mp o r al - s p at i al d at a, l i k e t e l ecommunication traffic volume (e.g. number of
active users per cell, number of handovers,
etc).
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(4)
Experiment equipment setup

1. Diversity
2. Test mobile phones
3. DC/DC power converter
4. External antennas

(2)

(1)
(3)

Figure 2. Drive-test experiment measurement equipment installed in a vehicle.

ACQUISITION OF
MEASUREMENTS AND ANALYSIS
The measurements data sets were collected
using experimental equipment, SwissQual Diversity [13], with which we can perform drive-test
benchmarking campaign for all available commercial mobile radio networks, evaluating all
provided circuit-switched (CS) and packetswitched (PS) services. Figure 2 depicts the measurement equipment installed to a vehicle. Test
mobile phones are employed which are connected to main system via data cables as well as to
the discrete roof-top external antennas via RF
cables. The system is supplied by a 12/48V DC
power converter and a GPS receiver is used for
geo-reference triggering of all recorded measurements. The measurement campaign is controlled by NetQual NQView, a software suite for
system modules interworking, configuration and
monitoring. During a measurement, campaign
measurements are imported in a temporal data
base file. Afterwards, all measurement files are
transferred to the lab where they are introduced
in a Microsoft SQL Server 2005 DBMS via NetQual NQDI, which is a software for measurements post-processing, time correlated and
vertical integrated signaling and protocol analysis and reporting using primary RF measurements, network trace events and call control
parameters for all radio access technologies
(RATs).
Voice and video quality assessment is performed with SwissQual’s on board algorithms;
SQuad and VQuad, respectively, and the evaluation output is always in MOS rating. These full
reference algorithms make use of pre-processed
— speech or video- test samples transmitted
over the wireless channel under test to determine the degradation from the channel itself.
On the receiving party the degradation impact is
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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.

characterized by comparing the degraded sample
to the original test sample. A psychoacoustic
model and human vision emulation method output the results in MOS values. Alternatively, our
analysis could be based on PESQ and PSNR
indicators.
We focus on building models for predicting
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 objective MOS speech quality as well as objective MOS video quality.

CONSTRUCTION OF ADAPTIVE NEUROFUZZY INTERFERENCE SYSTEMS
INTRODUCTION TO ANFIS
A fuzzy decision system consists of
• A fuzzifier that converts input values into linguistic variables
• An inference system that applies the fuzzy rules
• A defuzzifier that deduces the final decision
Fuzzification allows the comparison of the
decision parameters. Each input is characterized
by a membership function, which measures the
degree of membership of a given value to the
fuzzy subsets defined. In fuzzy logic, membership degrees’ variations are continuous contrary
to conventional logic in which membership
degrees can be either 0 or 1.
The fuzzy controller uses a list of “IF” —
“THEN” rules, that may be based on prior field
experience, questionnaires, network measurements etc. to control the system. 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. Using a suitable tool,
different combinations can be explored. More
specifically, changing the value of one criterion
while maintaining the others, may invoke a certain change in the final decision which is quantified by the system. An efficient tool for
performing such an analysis is the MATLABFuzzy Logic Toolbox, as it provides computational and visual aid [14].
ANFIS is a FIS 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 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 [14]. 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:
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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. Having created the data set, the next step is
to “train” the system. Using the subtractive clustering technique, the ANFIS automatically selects
the membership functions and also generates the
new FIS. Training here is a way to express the set
of rules that can be applied over the generated
FIS. The rules and the membership functions are
updated in each iteration so as to reduce the
error in optimization.

ANFIS CONFIGURATION
As previously mentioned, we consider three scenarios in our study. For each of these scenarios
we construct a different FIS which we afterwards
train through ANFIS. For speech scenarios we
consider as output of the FIS the voice quality,
objective MOSa, while for the video scenario we
consider as output the overall video transmission, objective MOSt, as computed from Eq. 1.
Each FIS has two inputs and one output as
following:
• Voice transmission in GSM:
Inputs: RxLevSub, RxQualSub; Output: MOSa.
• Voice transmission in UMTS:
Inputs: RSCP, Ec/N0; Output: MOSa.
• Video transmission in UMTS:
Inputs: RSCP, Ec/N0; Output: MOSt
Regarding the acquired measurements, 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, which will be differentiated during the training process. The total
number of constructed FIS for the purposes of
this study is therefore six.
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.

NUMERICAL RESULTS AND DISCUSSION
PREDICTION MODEL
Figure 3 collects the 3D presentation of the six
FIS constructed systems. Each surface demonstrates how the output, quality in MOS scale, is
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Figure 3. 3D FIS surface variations: i) GSM voice (a: UL, b: DL); ii) UMTS Voice(c: UL, d: DL);and iii) UMTS total video quality (e:
UL, f: DL).
affected by the input variables. Our quality prediction approach could be embedded to a predictive performance measurement system for
objective quality estimation using fuzzy logic surfaces. This can be implemented by including a
hardware look-up-table of samples from each of
the surfaces. Based on these graphs; the following observations can be made:
•For GSM, an optimal voice quality of over
3.5 in MOS scale is achieved for RxLevSub >
–60 dBm. For the DL scenario, a quality increase
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is noticed as RxQualSub is decreased, while for
UL this is true only for lower values of RxLevSub (< –70 dBm). For RxLevSub > –70 dBm
this statement is not entirely true, due to the
innate variance in the data sets. Also, the worst
possible quality for UL is 2.9, while for DL is
equal to 2.
•For voice transmission over UMTS optimal
quality is achieved for Ec/N0 > –5 dB. In the DL
scenario, for moderate values of Ec/N0, estimated MOS increases as RSCP is increased; in the
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UL case no direct relation exists between MOS
and RSCP, which is a direct result of the variance of the measurement data The minimum
predicted MOS is 3.3 and 3.1 for UL and DL
respectively, indicating than both scenarios perform in a similar manner. Similarly, highest predicted values are 4.1 and 4.2 respectively.
•For video transmission in UMTS results are
quite controversial, showing some unexpected
estimations for mediocre values of both input

parameters. For UL and DL the highest predicted values are 2.5 and 3.1, while the lowest ones
are 1.2 and 2.05 respectively. The surface roughness is a result of the high uncertainty of the
output prediction due to the fact that video telephony performance is not usually adequate on
mobile environments like motorways where
radio coverage is not robust.
In general, mobile video quality is characterized by significantly lower values than voice.
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Figure 4. Impact of SQoS input parameters to ESQoS (objective MOS): i) RxLevSub impact to MOSa in GSM Voice for various values
of RxQualSub (a: UL, b: DL); ii) RSCP impact to MOSa in UMTS Voice for various values of Ec/N0 (c: UL, d: DL); and iii) RSCP
impact to MOSt in UMTS Video for various values of Ec/N0 (e: UL, f: DL).

86

IEEE Wireless Communications • June 2013

PANAGOPOULOS LAYOUT_Layout 1 6/21/13 1:23 PM Page 87

EVALUATION OF PREDICTION MODEL
The performance of the prediction model is
evaluated in the following ways:
• Firstly, additional data sets are imported as
testing data in the ANFIS configuration
screen. ANFIS then plots both the measured
and predicted values and the error percentage
is calculated.
• Secondly, for additional data sets we apply
manually the prediction model and compute
the Root-Mean-Square Error (RMSE)
between measured and predicted values.
RMSE has the same units as the quantity
being estimated.
The evaluation of the prediction model is an
on-going process and is being implemented after
each time the system is updated with training of
new data sets. The error computed by ANFIS
has almost identical values to the RMSE.
As explained earlier, we have experimented
with a wide variety of configurations with the
objective of minimizing the total RMSE. With
the proposed configuration and models, we have
achieved an overall RMSE between 0.206 and
0.265. Even though these values are not optimal,
they are considered satisfactory given the variance of the measured data. Precision is differentiated according to the case, since it is impacted
by the combination of specific data characteris-
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Image and video quality is inextricably linked to
the type of video codecs in use (3G
324M/MPEG4) [15] and sensitive to frame error
rate (FER) as well as the error frame type — I, P
or B — in a Group of Pictures (GOP). Besides,
video transmission can be impacted by a variety of
factors, which may lead to significant video quality
degradations. Video coding and transmission
impairments can be classified into spatial artifacts,
which can be seen in each frame when visualized
separately (e.g. blurring, edge noise, reduced color
space, etc), and temporal artifacts, which are timevarying distortions (e.g. freezing, delay, jitter). As
a result, it is more difficult to predict accurately
video transmission quality compared to audio.
For back of the envelope calculations we
demonstrate the predicted quality values for
common values of input variables in all considered scenarios. Results are presented in Fig. 4;
we believe that they are interesting to engineers
focused on system design and optimization without the resources to estimate the ESQoS. These
graphs thus allow obtaining predicted values
with acceptable accuracy. More specifically, we
consider the following scenarios:
• Voice transmission in GSM for RxQualSub:
Figure 4a and Fig. 4b indicate that for RxLevSub lower than –80dBm or higher than –65
dBm, a linear relationship between predicted
MOS and RxLevSub exists. In the whole range
of RxLevSub, the dependence can be considered as piecewise linear.
• Voice transmission in UMTS for E c /N 0
{–8, –5, –3}dB: In this case it can be observed
in Fig. 4c and Fig. 4d that estimated quality is
greatly increased when RSCP is higher than
–80 dBm.
• Video transmission in UMTS for E c /N 0
{–9, –7, –5}dB: In this case, no linearity exists;
see Fig. 4e and Fig. 4f.

3.6
3.4
3.2
3
2.8

Measured obj. MOSa
Predicted obj. MOSa

2.6
0

500

1000
Test data sequence

1500

2000

Figure 5. Measured and predicted objective MOSa for GSM voice transmissions (UL)

tics and ANFIS configuration. In cases where
few measurements are reported for specific values, precision can be increased by adjusting the
sensitivity of ANFIS accordingly, in order to not
neglect these “spikes.” Higher sensitivity of
course leads to more membership functions and
thus rules. Therefore, in such a scenario, the
designer would have to reconfigure ANFIS in
order to provide more accurate predictions.
As a general remark, the prediction model is
strict compared to actual measurements; in most
cases the predicted values are slightly lower than
the measured ones. This is due to the fact that in
some cases a significant SQoS degradation is
noticed, possibly because of external factors or
faulty measurements. This is not captured by the
FIS prediction. In this way the prediction model
is not dramatically impacted by a number of
invalid data and succeeds in providing a stable
state of the mobile network, which means that
the variance of predicted results is lower that the
variance of measured data.
In Fig. 5 we present indicative comparative
results between the prediction and the actual
data for the case of voice transmission in GSM
(UL) with approximately 1670 test measurements.

CONCLUSION
This article addresses the computational prediction of speech and video quality based on ANFIS
models and live-network measurements collected
by drive-test campaign. In the previous sections
we evaluated the generated prediction models
and we conclude that our methodology achieved
satisfactory accuracy in ESQoS prediction. By
training prediction models with real network
performance measurements, we demonstrated a
reliable methodology for speech and video quality estimation. The proposed methodology can be
also embodied successfully in optimal network
selection processes in order to guarantee QoS
demand. As a future work, we will expand our
strategy to evolved, beyond GSM and UMTS,
cellular networks in order to propose a general
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As a future work, we
will expand our strategy
to evolved, beyond GSM
and UMTS, cellular networks in order to propose a general
computational toolbox
that can supplement and
integrate a QoS-centric
radio network planning
and optimization
platform.

computational toolbox that can supplement and
integrate a QoS-centric radio network planning
and optimization platform.
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