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Abstract—Providing Quality of Service (QoS) has always been
an important task for Internet Service Providers. However, the
proliferation of new multimedia content services has turnel it a
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vital and challenging issue. The problem with QoS in nowaday
Internet is what to measure and how to do it in order to provide
real quality levels to end-users. Recent works in the field hae
focused on the service consumer, assessing the QoS as perxbi
by the end-user. This paper addresses the automatic evaluah

CALIBRATION

of the QoS as Perceived by an end-user (PQoS) of a multimedia PARAVETER SEQUENCE
. - 'COMPARISON
service. We present a general overview of the PQoS approach, ==

studying the impact of different network and multimedia features
on the quality as experienced by human beings. We develop an
original software tool that integrates all the aspects relged to
the automation of the estimation process, using a broad grquof
PQoS methodologies. To date and to the best of our knowledge,
there is no open source software implementation that comptely
estimates the PQoS for a VolP and VideolP service in a real
environment. Using this software tool and real subjective ésts,
we perform an unbiased comparison of the different proposed

VIDEO

AUDIO

Fig. 1. PQoS Evaluation.

Subjective methods represent the most accurate metric as
techniques for video and audio services over IP. they present a direct relation with the user’s experienbese
methods consist in the evaluation of the average opinidretha
) i . _ group of people assign to different audio and video seqience

UALITY of service (QoS) in traditional telecommuni-in conirolled tests. Different recommendations standartie

cations has always been focused on network metriGaost used subjective methods in audio [10] and video [11],
packet loss, delay, jitter, available bandwidth, etc. €@ [12] The problem with subjective methodologies is theakla
QoS provisioning involves keeping particular groups o6thiys 5tomation (by definition, they involve a group of people

performance metrics yvithin certain limits, in or_der tp offee o, conducting the tests) resulting in an expensive and time
user reasonable quality levels. The problem with this aggno consuming approach.

|. INTRODUCTION

is that in today’s Internet, the heterogeneous featuresrént

services make it difficult, sometimes even impossible tantje
identify the relevant set of performance parameters fohe
case. Even more, the quality experienced by a user of the
multimedia services not only depends on network featurés
also on higher layers’ characteristics [1] (multimedia iogd

and compression, recovery algorithms, nature of the conte R
etc...). In this sense, a final user may experience accepta%}l

quality levels even in the presence of severe network degr
tion. These observations show that rating the quality ofithe
multimedia services from the network’s side may no longer
effective.

Theuser perceived quality of servi¢PQoS) field addresses\Peerception domainusing models of the human senses to

this problem, assessing the quality of a service as pertei
by the end-user. The assessment of perceived quality
multimedia services can be performed eithersioypjectiveor
objectivemethodologies. Figuré presents a general overvie
of the PQoS evaluation field.

a

On the other hand, objective methods do not depend on peo-
ple, making them really attractive to automate the evabuati

iﬁwcess. The objective PQoS evaluation can be eitfteun-

ive or non-intrusive In network’s context, intrusive means

kae injection of extra data (audio and/or video sequences)

tr? perform the measurement. Intrusive methods are based
the comparison of two sequences, a reference sequence

riginal) and a distorted sequence (i.e. the one modified

uring network transmission). This comparison is gengrall

&erformed either in the time/space domain (simple sample

comparison: mean square error (MSE), signal to noise ratio
(SNR) or peak signal to noise ratio (PSNR) [1]) or in the

improve results. In this last category we have (for audio
in .
assessment) the perceptual speech quality measure (PSQM)

W[16], the measuring normalizing blocks (MNB) [14], the

enhanced modified bark spectral distortion (EMBSD) [15]
and the perceptual evaluation of speech quality (PESQ) [17]
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[21]. [27] presents an interesting validation report ofealtive audio services over IP so far proposed.
models for video quality assessment. All these tools pmvid The remainder of this paper is organized as follows. In
a measure of the perceptually relevant degradation of tBection |l we study the impact of different network and
multimedia sequence. Considering their application in-reanultimedia features on PQoS for VoIP and VideolP. A detailed
time assessment (a desirable property in todays’ netwdhies) description of the PQoS algorithms as well as the measuremen
major problem with objective intrusive methodologies isith methodology of the software tool is presented in section
inherent need of both sequences, something that may reslilt The software implementation is described in Sectign
too restrictive in some network scenarios. In the case acfwvidpresenting the architecture and design of the developdd too
sequences there is an extra problem, the time and resoudoeSectionV we present and analyze the experimental results,
consumed by complex methods are generally too high.  describing the test environment and comparing the perfor-
Non-intrusive methods present an important advantagg, theance of the selected estimation methods. Finally, section
do not require any extra sequence to perform the estimati@oncludes this paper.
This allows their use in real-time scenarios. Dependinghen t
kind of information they use, non-intrusive methods can be Il. QOSIN VoIP AND VIDEOIP
classified as eithesequence basent parameter basedn the ~ The QoS experienced by the end-user of an audio and
case of sequence based methods, the assessment is done WifiRO transmission depends on many different features. We
out any reference sequence, just applying different alymsg can classify them in two categoriesetwork featuresand
to the distorted sequence. These methods are also knowrir&%timedia featuresThe termnetwork featuresefers to all the
“null reference”. In the case of parameter based metho@;b'jective QOS metrics involved in a multimedia transmissio
network features as well as characteristics of the multimedhrough an IP network: losses, delays, bandwidth, etc. In an
itself are taken as input. The idea is to conceive a moditempt to standardize the definition of QoS at the IP layer,
which allows to map a PQoS relevant set of these paramet® IP Performance Metrics IETF working group has specified
in a quality value (as perceived by the end-user). Examdlesdany of these network features in several recommendations:
these features are loss rate, length of loss bursts, détay, j one-way-delay [29], packet loss [31], round trip delay [32]
(network features), coding, nature of the content (e.gionot loss pattern [33], delay variation (jitter) [34], networégacity
level, language), bit rate, frame rate (multimedia featyre [35], etc. Multimedia featuresncludes all the higher layers’
etc. The ITU E-Model [8] and the pseudo subjective qualifigatures for multimedia transmission (recovery algorghm
assessment (PSQA) [2]-[4] methods fall in this categorfe-jitter buffers, etc.) and the specific components of the
The E-Model is an empirical/mathematical set of formula@ultimedia itself, like coding, bit-rate, frame-rate, noot
originally designed for telephony networks planning, amere level of the video sequences, etc. Delay has a major impact
though it is actually being used in IP networks, results ha@er interactive or real time multimedia applications, fsuc
shown that it is not accurate enough for user perceivedtyuai®s telephony, video conference, gaming or live transmissio
assessment [7]. The recently introduced PSQA approach uEes example, the ITU-T recommendation G.114 specifies that
a statistical learning algorithm (a Random Neural Networtelays from sender to receiver must be lower than 150ms.
[5]) to learn the relation between network and multimedido avoid the loss of interaction between end-points in a
features and user perceived quality. The PSQA has alre&@versation. Figur@ presents the different components that
shown interesting results in the PQoS field [2], [3]. Theontribute to delay from sender to receiver in an end-to-
main drawback of parameter-based methods is their stroflyd multimedia transmission: multimedia coding/packing a
dependence on Subjective tests’ results for training (m’ fathe source, intermediate buf‘fers, network transmissiod an
all different objective methods must have in some sensedgcoding/unpacking at destination.
calibration phase as their results are not in the same seale a

subjective tests’ results). 3
In this work, we present an original software tool that N 1

integrates all the aspects related to the automatic ethat \

of a multimedia Internet service as perceived by the end user ‘

using a broad group of objective PQoS methodologies. Klj ‘
. Coding/Packing |

date and to the best of our knowledge, there is no op

source software implementation that completely estimtites

PQosS for a VoIP and VideolP service in a real environme(output buffer]—‘—o[ Uplink HBackboneHDownl|nkH Input buffer |

using such a broad group of techniques, including all the

steps between the selection of the service and the evaiuatio Fig. 2. End-to-end multimedia transmission.

multimedia real time streaming/capturing, active and pass

network measurements, time synchronization and PQoS estarge delays have another undesirable effect: they reduce

timation. Using this software tool and real subjective gesthe throughput of transmissions over TCP. Even though TCP is

conducted during the development of this work, we performot the most suitable transport protocol for real-time imat

an unbiased comparison of different techniques for videb adia, it is largely used in applications such as radio stregmi

Unpacking/Decoding

| {Dejltter buf‘fer




(Virgin Radio [24], Pandora [36] etc.) and video conterthigher motion levels (in the figure, the motorbike movesdast
delivery (YouTube [20], MSN TV [30], etc). than the background), whereas MPEG1 does not make any

The quality of a multimedia transmission is also affectedifference between elements, using the same rate for every
by the delay’s variation ojitter. Audio and video are coded part of the sequence.
at the source at a given rate, and so packets are expected to
arrive at destination at the same rate for an accurate degodi
In [26], the authors show that the effects of packet jittettom
experienced quality are similar to those of packet loss, ithi
somehow expected, as packets that do not arrive on time are
seen as lost information by the decoder at destination. The
effects of jitter can be reduced by using de-jitter buffers a
the reception (fig2), but this solution has the drawback of
increasing the delay between end-points.

Coding is another important feature regarding PQoS. Al-
most every codec used in audio and video takes advantage of
the correlation of the sequence to reduce the bandwidth re-
qguirements (compression). The quality obtained with défife:
codecs depends on the compression algorithms they use and
on the compression rate. FiguBe taken from [13], presents
the quality (PSNR, see sectidii-B2) of a video sequence
as a function of the codec bit-rate for different codingst Fo
example, we can see that for the same quality level, the codec
bit-rate of a MPEG2 coding is approximately the double of a
H.264/AVC coding.
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impact on PQoS. As we show in the obtained results (sec-
tion IV), video sequences with higher motion levels (action
Fig. 3. Performance of different video codecs for differbittrates. sequences, sport sequences) are more sensitive to network
degradation (as perceived by the end-user) than those with
Codec compression makes that not all transmitted packiger activity (like the news).
have the same importance as regards quality at the receiveFhere are many other features that influence the experience
side. Indeed, if we take for example an standard MPEG codiref, the end-user in multimedia transmissions, like the ear-t
some packets will carry more information than others (mouth relation, silence detection, echo (VoIP/PSTN gaygwa
frames in contrast with P,B-frames [1]) and decoding robusilocking and blurring, etc. However, we will limit our study
ness will directly depend on which packets are lost. Thiggakto a reduced and relevant set of features: losses (lossmdte a
us to another important feature that influences quality)Jdese mean loss burst length), delay variation (jitter), videbraie
pattern: single isolated losses do not have the same impacgad motion level, and video and audio codec.
consecutive losses.
The effects of losses on the perceived quality of service o i
are highly correlated with the multimedia coding. Figute A- Subjective Evaluation
presents this idea. ld(a), a video with MPEG1 coding is In this kind of test, a group of people rates the quality
transmitted over a lossy connection.4¢b), the same video is of several distorted sequences (audio or video). There are
transmitted over the same connection, but using a MPEG@#hinly two categories for these tests, depending on whether
coding. The differences that can be perceived are evideatreference sequence is included or not in the evaluation.
and they can be easily explained: MPG4 coding uses maihen there is no reference sequence, people evaluate enly th
information (I-frames [1]) for those parts of the sequenddw distorted sequences and grade its quality, according taktyu
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1. QUALITY ASSESSMENT



scale like in tabld(a); the output of this test is known as theof 0 dB at 1 KHz. The perception of loudness is related to
Mean Opinion Score (MOS). In the case of audio, this test lmth the intensity and duration of a sound (the auditoryesyst
known as an Absolute Category Rating (ACR) test; in vide@tegrates intensity over a certain time window). TWasking

the test is referenced as a Single Stimulus (SS) test. When tloncept represents the psychoacoustic effect that ocduea w
reference sequence is included in the test, people comiparethe presence of a sound does not allow the perception of
original sequence with the distorted sequence and grade #m®ther. A typical example of masking can be found in the
perceived degradation, according to the quality stde The city, when two people can not hear each other because of
output of this test is known as the Degradation Mean Opinidraffic noise. Briefly, the auditory threshold is modified et
Score (DMOS). In audio, this test is known as a Degradatigpmesence of a sound.

Category Rating (DCR) test; in video, the test is called Deub 2) Video Methods: the considered algorithms for PQoS

Stimulus Impairment Scale (DSIS) test. evaluation in video algorithms differ in what they consider
as relevant to the human perception.
Score | Sequence Quality Score | Sequence Degradation a) Mean Square Error (MSE) and Peak Signal to Noise
5 Excellent S Imperceptible Ratio (PSNR)the MSE and PSNR algorithms are the simplest
4 Good 4 Perceptible, not annoying ~ methods to compare two sequences. They do not take into
3 Regular 3 Slightly annoying account any perceptual feature, they just provide a rawl pixe
2 Bad 2 Annoying comparison between frames of a video sequence. The MSE
1 Awful 1 Very annoying and PSNR are defined as:
(a) MOS Quality Scale (b) DMOS Quality Scale ) "
TABLE | — )2
DIFFERENT QUALITY SCALES MSE o g Z_Zl(xl yZ) (1)
2
PSNR = 10Logio(~—==) (2)
There are many other variations of subjective tests, all of MSE
them are defined in the ITU recommendations [10] (audi#jhere n is the number of pixels in the image or video,
and [11], [12] (video). z; and y; are the i-th pixel of the original and distorted
o . ) image respectively, and. is the range of possible values
B. Objective Evaluation - Intrusive Methods for the pixels (i.e. the pixel's dynamic range). These guali

In an intrusive evaluation of PQoS, a multimedia sequenegsessment methods have been the most used because of their
is transmitted through the communication system undelystudghathematical simplicity. However, they have been crigdiz
The obtained distorted sequence is compared with the atigilue to their poor correlation with subjective methods. Fégu
sequence to measure the degradation suffered during trehsnakes clear this drawback. In both figusé) and figure
mission. As we stated before, two kind of comparisons cdib), the original image (on the left) is compared against the
be performed: direct rough sample comparison (like SNRJstorted image (on the right). Both groups of pictures have
are very simple to implement but they are poorly correlatedmost the same PSNR value, but the differences in the first
with subjective tests. The comparison can also be done ¢moup 6(a)) are almost unnoticeable, whereas in the second
considering a model of human perception to improve thgroup 6(b)) they are really evident.
results. In this case, the sequences are transformed in a b) Time/Space Structural Distortion Measurement
perception domain and then compared, considering only tfESSDM): the target of this algorithm is to measure changes
perceptually relevant distortion. in the spatial activity, considering certain spatio-temgbo

1) Audio Methods: three different methods were analyzedST) regions of the original and distorted videos for the
and implemented in the software tool: the Enhanced Modifiedmparison. The basic metric for the comparison is the
Bark Spectral Distortion (EMBSD), the Perceptual Evalorti gradient module of each ST region (as it represents a measure
of Speech Quality (PESQ-ITU P.862), and the Measurirgf the spatial activity). The main advantage of this techeiq
Normalizing Blocks (MNB). These algorithms perform thés that it can be used with reduced reference information, as
comparison in the perception domain. Three psychoacoustie comparison is only performed in the selected ST regions.
concepts are considered in all of them: tBetical Bands ¢) Structural Similarity Index Measurement (SSIM:
Loudnessand Masking The Critical Bandsare based on the new philosophy in the design of quality metrics was intrastlic
ability of a human to distinguish between different tones. lin [22], [23], [25]: “the main function of the human visualsy
low frequencies, a few hertz are enough to recognize tvi@m is to extract structural information of the viewing figdahd
different tones, whereas in high frequencies this threshdhe human visual system is highly adapted for this purpose”.
increases to hundreds of hertz. Based on these frequentiyese works propose that the measurement of the structural
bands, the auditory system is modeled as a filter bank of bamlistortion is a good approximation to the perceived digtort
pass filters. Thé.oudnessonsiders theerceived intensitpf  According to [22], structural information is the featureath
a sound. For example, a sinusoidal signal of 40 dB at 50 Hzrispresents the structure of the objects, independentihef t
equally perceived (in terms of strength) as a sinusoidaladig luminance level and contrast of the image.



by the NTP (Network Time Protocol) protocol is not accurate
enough to provide a good estimation of the OWD, but GPS
time synchronization is becoming usual as prices tend tp,dro
so time synchronization can be ensured in many different
network scenarios.

The estimation can be achieved in different ways, depending
on the kind of PQoS evaluation to be performed. In the case
of a non-intrusive evaluation, the estimation can be cotetlic
by active measurements, using probing traffic of similarcha
acteristics to the service under evaluation (basically mea
traffic size and packets’ inter-departure time). This is dor
simple reason: network QoS features are not in fact an own
characteristic of the network but of the user’s traffic aslwel
(e.g. delay will not be the same for a radio transmission of
BW.,.q4:i0 bit-rate and a high quality video streaming service
of BW,i4eo bit-rate if connection’s available bandwidth is
betweenBW,.,q4:0 and BW,;4¢0). Said in other words, user’s
traffic itself directly influences quality, so it must be take
Fig. 5. PSNR as a measure of perceived difference betweegesna  into account for the evaluation. In the case of an intrusive
evaluation, the PQoS analysis is performed by sequences’
comparison after the streaming of the multimedia and there
is no need to estimate the network features. However, we

a) E-Model: the relation between different network andmplement a simple methodology [6] that takes advantage of
multimedia features and the speech quality has been geahtifihis multimedia transmission to estimate the network fiestu
by the E-Model [7], introduced by the ITU-T as a planningising the information provided by the RTP and RTCP proto-
tool for telephony services. However, this tool presents cals (both protocols provide the transport and control elets
serious drawback: it assumes that individual quality fe=gu for multimedia transmission in IP networks, see [1]).
such as loudness, delay, talker echo and speech distogian t'E M
mutually independent effects on the perceived quality,civhi — easurement Methodology
is not the case. The developed software tool integrates both intrusive and
b) PSQA: as we mentioned before, the PSQA metho@on-intrusive objective estimation methods. The aim o§ thi
is based on the Random Neural Network (RNN) model. THeol is not only to perform an automatic PQoS estimation but
results of subjective tests (DMOS) depends basically on tAlO to compare the performance of the different approaches
network features (losses, delay, jitter) and the multimedfnd algorithms. The implemented algorithms were PESQ,
features (codec, bit rate, nature of content). If it is poissio EMBSD, MNB, and PSQA in the case of audio, and MSE,
model the relation between these parameters and the subjedt SNR, SSIM, TSSDM and PSQA for video.
DMOS, we can approximate the DMOS by measuring these

objective features. The RNN isS a supervised learning ma- § \\\ ]
chine, that uses a set of couplestwork/multimedia features- S < <&

(b) Pepper, PSNR = 160

C. Objective Evaluation - Non-intrusive Methods

DMOSIH a |eamlng Stage '[0 bUI|d an appI‘OXIma'[Ion tO th'S Client Server Client Server

model. After this stage, the knowledge of the state of the | | | |

network and the features of the multimedia are enough to §§ §§

predict the DMOS. The learning of the RNN consists of the fescwnio) ~ wnooasticrange  {femmomossssng | [Tprovetraric ]

minimization of a cost function that penalizes the differe® g frmmmmy | e —_

between predicted values and real DMOS subjective tests{aswers ] o \

results. P § | ponshets ]

D. Objective IP level QoS metrics estimation (a) Intrusive PQoS estimation. (b) Non-intrusive PQoSnestion.
The estimation of the objective QoS metrics at the IP layer Fig. 6. Measurement methodology.

is conducted between the end-points of the connection. The

considered network features are packet loss (loss rate andhe PQoS evaluation is performed between the end-points
mean loss burst length), packet delay and packet jitteay®! involved in the service under evaluation. Figu@reresents a
estimation can be conducted either in a single way (One-Wayrief summary of the measurement methodology. The client
Delay, OWD) or for the round trip (Round-Trip-Time, RTT),begins the measurement by sendingestimation demand
depending on whether the end-point devices are synchimbnize the server. Depending on the type of algorithm selected
or not; in the general case, the time synchronization pexvidby the client, the server will eithetransmit a reference



sequenceof similar characteristics to the actual service (intrufhe final implementation consists of five independent saftwa

sive algorithms), or begin eonnection’s features estimation modules (each of them can be used isolated from the rest, in

using active measurements (non-intrusive algorithmsjhéf any other application). Figur@ presents a general overview

selected algorithm is intrusive, the client stores the saga of these modules.

transmitted by the server and performs the PQoS estimation

by comparing the reference and the transmitted sequentfe (bo -, GUI

the client and the server have the same reference sequences) &

Taking advantage of the transmission of the multimedia

sequence involved in the intrusive evaluation, the sofwar [ PQos { System | QoS Metrics

tool allows to specify afeatures’ based estimationat the @A'g"”thms Ma”agerfﬁf Estimation ¢ >

same time. In this case, the RTP and RTCP headers of the

multimedia transmission are anglyzed_ to gather the network @

features [6]. In the case of non-intrusive methods, theeserv o

uses the estimated network features (loss rate, jitter,nmea

loss burst length) and the corresponding multimedia featur Fig. 8. Software components.

(coding, bit-rate, frame rate and motion level) as input to

perform the estimation. Tasks’ synchronization betweett-en Tpe System Manager is the software’s brain. It manages

points is achieved by a specially developed communicatighe connection establishment and data exchange between end

protocol. points as well as the interaction between the rest of the

IV. SOFTWARE IMPLEMENTATION diffe_rent modules. It is basically co_mposed of 3 sub-mostule

client, a server and themanageritself. The PQoS Algo-

fhms module is the most important module of the system,
it implements the different estimation algorithms so far

iscussed. TheMultimedia module supplies the audio and

fdeo sequences for intrusive PQoS estimation. It consists
f an audio streaming platform (implemented with the Java

B@dia Framework toolbox, [38]), a video streaming platform

The PQoS estimation software tool was designed to
used in both end-points of the service at the same ti
The architecture foresees a symmetrical operation, in lwhi
both end points can play either the client or the server r §
(considering the classical client/server paradigm, wheee
client asks for some service and the server responds to

demands). (implemented with the Video Lan Client project, [37]) and a
) . reference sequences’ database. QoS Metrics Estimation
F: J \\:ﬁj §6J module is responsible for the network features estimaton.
S8 s s nally, theGUI module implements the graphical user interface

User A User B User A were o easily interact with the tool.

Server Mode Server Mode Client Mode Server Mode
I

' '
lestimationDemand|
lestimationDemand|

(a) Before a PQoS estimation demand. (b) After the demand.

MMDB
System
Manager Multimedia Database

] !

Fig. 7. Symmetrical architecture. J2RE e , ~~
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QoS Metrics
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Figure 7 explains this concept of symmetry. In the very Audio Estmation | | 185 mhocer

(
|
|
|
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i H H . ideo Streaming Taffic Manager
beginning, both end-points act as servers, waiting for a$Qo ES';ﬁ‘;ion SI,Vegmmg WF e
evaluation demand from the opposite side. When one of NI
both machines decides to perform an estimation, the scheme :

Video ock/Time

changes to a traditional client/server architecture agipusly L ) e CI stfc
discussed (figuré). The main advantage of this symmetrical | o l \_7—

. . e . . orithms
architecture is the ability that both end-points acquire to |2 CIC++
process and generate information, saving transmission and
operation time. Fig. 9. Software architecture.
A. Software Design Figure 9 presents a high level diagram of the software’s

During the software design phase, special attention waschitecture. Given the different restrictions and chinastics
directed to the modularity of the tool. The key idea wasf each module (flexibility, portability, time efficiency dn
to conceive a reusable and ease to improve/modify desigmcuracy, etc.), different programming languages wera use



in the implementation. Higher layer implementations were p
mostly developed in Java (J2RE), while lower layer program-

ming (C and C++) was used in all critical-time applications

(e.g. PQoS intrusive algorithms, multimedia coding, tiraé r I—p ‘e G’ 1=q
erence, etc.). The interaction between languages wasvachie

by using the Java Native Interface (INI) library, a versagibt q

of Java classes and methods which allows the communication

between native (C/C++) and portable software (J2RE). Fig. 11. Gilbert loss model.

V. EXPERIMENTAL EVALUATION AND RESULTS
A. The Test Bed by coding (MPEG1 and MPEG4) and motion level (low,

In order to perform the subjective tests, calibrate the Og1ed|um and high); this last classification was subjectively
jective methods and evaluate the performance of the difter&© gducted teven ';hou{qh Itt wr(:uld be Irk;ter(istlngl to ltﬁzt the
approaches we developed a simple test bed which aIIowssz) eiﬁ m;)4|onherst|ma |0nn 0 3\\/ler ar; 0 JredC g/e g;‘ss'd dIW|th
emulate network conditions in a controlled fashion [1].sTh N audio short sequences were recorded and code

test bed is composed of two end point machines (serverl):hewree different codecs (PCM, GSM and G.723). Each reference

connected through an intermediate router that simulatse sequence was transmitted through the test bed, settiregeiif

delay and jitter. Figurd.0 presents this testbed configuration values for the router’s parameters in order to cover the most
Suitable network features in an Internet like scenario. The

dummy packets generated sequences were then used in the subjectivedssts (
M Q) described in sectiofl), obtaining a final data set of the form:
IIIII} S
/,% {Scja(pOaflv"af’iv")fn)vDMOS}v (3)
@ \\ g Routing _ _ o _
l@ - Manipulation where sc; is the j-th original-distorted sequence couple,
fi is the value of the i-th feature (e.g. loss rate, mean loss
burst length, jitter, codec, motion level, etc..) and DMGS i
the corresponding subjective test result. Finally, parthaf
Data Forwarding data set was used to train the PSQA learning algorithm and
|j§ A calibrate the objective intrusive methods, using the remgi

data for validation.
Server Client

B. Subjective Tests’ Results

Fig. 10. Evaluation testbed. Figure 12 shows the distribution of the data set samples

th audio and video) considering loss rate, mean losg burs

Packet losses in an IP network are rarely independent a} gth and codec

they generally occur in bursts, due to network congestitwe. T
simplest model to represent this behavior was propose~ *-

[28], using a simple Markov model: the simplified Gilb | [7ree i/

loss model. The Gilbert loss model consists of a two st | -0, .

Markov chain, where the stat@ corresponds to a receivi e ~

packet at destination and the statéo a lost packet. In figur izo 3 b ?

11, p represents the probability of loosing a packet given E“ S AN i

last packet arrived correctly, angl is the probability of ¢ = W s

correct transmission given the last packet was lost. Thigla  5/p e * N

model allows to simulate losses in bursts, as the fate 2 & b 5 0w o owowow e 4 & & G B u i 4w

Mean Loss Burst Length (packets) Mean Loss Burst Length (packets)

packet depends on the result of the last transmission. Given
a connection loss rate, we can modjyand ¢ in order to
obtain different loss patterns. Jitter and delay are cdletto Fig. 12. Distribution of the data set.
by direct manipulation of buffers and output capacity of the
ethernet routers’ interface. Dummy packets are insertélldn  In order to obtain good learning and calibration resultsada
output buffer to generate jitter, and the buffer size angwout samples must extensively cover timputs’ spaceparticularly
capacity are varied to produce forwarding delays. in those values that are more usual or where the quality dis-
The multimedia sequences’ sets consist of 75 originalfimination is more difficult. The range of loss rates anatyz
distorted couples for video and 72 couples for audio. The refi this work may seem excessively high at first glance; in
erence video sequences were chosen according to the rederdact, a network introducing a loss rate of 10%, even 40% is
[11], [12] (40 short sequences of 10-30 seconds) and cledsifalmost unusable. However, we decided to include this broade

(a) Audio samples (b) Video samples



analysis to evaluate some how the impact of higher loss ratesmparison of the algorithms’ performance in the training
on PQoS that may frequently appear in wireless environmerdata set is provided in figur&é3. The results obtained in

In the case of audio transmissions we consider a broadeeraagdio quality assessment presents the PESQ intrusive thetho
for loss rate than in video transmissions, given the fact thas the most accurate. Compared with the other intrusive
even under sever loss conditions an audio transmission caathods, PESQ has a major advantage: it includes a temporal

be perceived as acceptable by the end-user (we confirm tléssynchronization algorithm that allows a correct segeen
observations in the obtained results, see secdti@B).

Mean DMOS || Mean Variance
Audio 3.04 0.36
Video 3.03 0.25
TABLE 1l

comparison. In the presence of data losses, a direct seguenc
comparison may result in very poor performance (worst tesul
are obtained as losses occur closer to the beginning, see
[1]). It is important to recall that PESQ is the actual ITU
recommendation for voice perceived quality assessmeijt [17
The performance of the non-intrusive PSQA algorithm in the

STATISTICAL CHARACTERISTICS OF THE SUBJECTIVE TESTS training set is very close to the obtained with PESQ, somgthi

that results quite interesting. Indeed, this result shouet t

the complex psychoacoustic model proposed by the different
Tablell presents the subjective DMOS tests’ results for botherception domairalgorithms (PESQ, MNB, EMBSD) can

audio and video, using the quality scdi@®). According to be approximated with a Random Neural Network, something

the ITU recommendations for audio [10] and video [11], tha priori not easy given the number of features that affect the

subjective tests must be designed so that the average regattceived quality.

is in the middle of the quality scale (in order to avoid biased

results). These recommendations also specify the proe¢c o : : 35

remove outliers from the results. ] )

C. Evaluation of the Different Techniques

IS
In order to compare the performance of the different ¢ g
rithms we use a traditional error estimator, the mean ake <
error (MAE), between estimated values (algorithms) and
values (subjective tests). Intrusive methods’ resultsnatein
the same scale as DMOS values (they are correlated oF AUDIO VIDEQ °
human assessment but each algorithm uses its own Sccud)V8sPEPESOBMNE BPSOA  DSSIM BPSNR BPSOA BTSSDM
so a calibration phase is conducted before the compariseig. 13. PQoS in audio and video, performance evaluatiorhefdifferent
As regards non-intrusive algorithms (we will only considef/gorithms in the training set.
PSQA in the evaluation, the E-Model has already shown quite

; Figure 14 shows the results obtained with PSQA (left) and
poor performance [1], [7]), the system must be trained leefor ) ) o
using it. In both cases we split the previous data set inPaFSQ (right) with the validation data set. Both approaches

training data setand avalidation data setWith the first set present a strong correlation with subjective tests’ resihese

we calibrate/train the intrusive/non-intrusive methoalish the results confirm that the training of the RNN model was

second we do the validation. In the case of video, we consiciaecrCurate enough to reproduce the good performgnce with an
70% of samples for training an80% for validation. In audio, unknown data set. Tablél (b) presents the Correlation Factor

the relation is80% — 20% (we consider a bigger training set(CF) between real and estimated DMOS for both PESQ and

to overcome some weaknesses of the audio data set, seerr[? An thle yalldatlon set (a value close to 1 indicates high
for discussion). inear correlation).
1) Audio analysis:in table Il (a) we present the actu " _

VIDEO
OSSIM EPSNR & TSSDM B PSOA

MAE values for all the audio algorithms in the traini . x ; .
. . . g — DMOS = PSQA g — DMOS = PESQ
set, according to the quality DMOS scdl@). A graphical , x x . . %
0 35 < x 0 35 %
Method || MAE s x s .
EMBSD || 0.59 Method || CF 25 x * 25 x
PESQ || 0.43 PESQ || 0.93 2 % 2k S
PSQA || 0.45 PSQA || 0.86 s x 1 % X
1 1
MNB 0.68 1 15 2 25 PéQAS.S 4 45 ¢ 1 15 2 25 PéSQ 35 4 45 5

(a) Training data set

MEAN ABSOLUTEERROR(MAE) AND CORRELATION FACTOR (CF).

TABLE IlI

(b) Validation data set

(2) DMOS vs PSQA (b) DMOS vs PESQ

Fig. 14. PQoS in audio, performance evaluation of PESQ ar@APi8 the
validation set.



2) Video analysis:in video analysis, PSQA is clearly theaudio case, the RNN captures somehow the complex relation

best method, and not only because of the smallest error valbetween perceived quality and network/multimedia feature

but mainly because of the time involved in the estimation.
Table IV summarizes these observations, presenting the error
values for the training set and the mean time involved in the
computation of the PQoS estimation (a graphical comparison
of these values is provided in figule). Figure15 shows the
different algorithms along with their respective fit curv@s

the case of PSQA a straight line Subjective DMOS = PSQA
is plotted to see the quality of the results). FigurB(c)
confirms our previous observation with respect to the PSNR
misadjustment for PQoS evaluation. Indeed, the same value
of PSNR corresponds to many different quality perceptions.
In the case of video there are no standardized methods for
perceived quality assessment, something that shows tha$ PQ
for video is still a very difficult problem. The intrusive nietds
presented in this work suffer from the same synchronization
problem as in the audio case. However, the performance

—o—PSQA
—+— Subjetive DMOS

0 2 4 6

8

Samples

10

12 14

Fig. 16. Subjective DMOS and PSQA - validation data set.

obtained by PSQA shows that the problem can be solved.

© SSIM
45 — FITTING CURVE

+ PSQA
45| | — DMOS = PSQA

SSIM
(a) DMOS vs SSIM

01 02 03 04 05 06 07 08 09 1

© TSSDM
45 — FITTING CURVE

1 15 2 25 35 4 45

3
PSQA

(b) DMOS vs PSQA

20 25
PSNR
(c) DMOS vs PSNR

Fig. 15.
in the training set.

30

8 -7 -6 -5 -4 -3
TSSDM

(d) DMOS vs TSSDM

PQosS in video, performance evaluation of the diffieralgorithms

Method MAE ACT (seconds)
SSIM 0.60 > 600
PSNR 0.48 ~ 20
PSQA 0.40 ~ 2
TSSDM 0.53 > 1200
TABLE IV

MAE AND AVERAGE COMPUTING TIME (ACT).

To conclude with video analysis, we show in figuré the

3) PQoS analysis through PSQAn interesting advantage
of objective parameter based algorithms is the possibidty
analyze the influence of different features on PQoS. Figure
17 presents the influence of voice codec (a) and video motion
level (b) on perceived quality as a function of loss rater(gsi
PSQA as the measurement algorithm). As expected in audio,
losses in the case db.711 coding (pure PCM, higher bit
rate, no predictive model seriously affected by losses) are
less annoying. In the case of video, the evaluation confirms
our initial observation about the influence of motion leval o
PQoS: video sequences with higher motion levels present a
faster decrease of perceived quality with respect to packet
losses than those with lower activity levels.

High Motion Level
—— Medium Motion Level
4 —— Low Motion Level

5 10 15 30 35 40 1 2 3 4 8 9 10 11 12

20 25 5 6 7
Loss Rate (%) Loss Rate (%)

(a) Different Audio Codecs (b) Different motion levels

Fig. 17. DMOS vs loss rate (MLBL = 5 packets).

Finally, figure 18 evidences the influence of the loss rate
and the mean loss burst length on (a) voice and (b) video
perceived quality. The first interesting observation ig thalio
perceived quality is less sensitive than video perceivetityu
to lost information. A possible explanation to this phenooe
is that our visual system is more developed than the auditory
system, which makes that our response to visual impairments
is naturally more touchy. The second phenomena that may
draw the reader’s attention is that in both cases, the padei
quality monotonically increases with the mean loss burst
length, meaning that apparently we prefer concentratexefos

results obtained by PSQA in the validation data set. As in the those that are spread over the sequences.
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