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Abstract: Voice over Internet Protocol (VoIP) networks have recently emerged as a promising telecommunication medium for
transmitting voice signal. One of the essential aspects that interests researchers is how to estimate the quality of transmitted
voice over VoIP for several purposes such as design and technical issues. Two methodologies are used to evaluate the voice,
which are subjective and objective methods. In this study, the authors propose a non-intrusive machine learning-based (NIML)
objective method to estimate the quality of voice. In particular, they build a training set of parameters – from the network and the
voice itself – along with the quality of voices as labels. The voice quality is estimated using the perceptual evaluation of speech
quality (PESQ) method as an intrusive algorithm. Then, the authors use a set of classifiers to build models for estimating the
quality of the transmitted voice from the training set. The experimental results show that the classifier models have a valuable
performance where Random Forest model has superior results compared to other models of precision 94.1%, recall 94.2%, and
receiver operating characteristic area 99.2% as evaluation metrics.

1 Introduction
In the last decades, transmitting voice over data-centric VoIP
networks has an intrinsic attention in the telecommunication
industry [1]. Instead of transmitting the voice over a dedicated path
in public switched telephone networks (PSTN), the voice data are
sent over a VoIP network using a set of processes [2]. The
processes include encoding, packetising, and then sending the
packets over internet protocol (IP) using non-guaranteed user
datagram protocol (UDP). On the other side, the process is
reversed to aggregate the packets into received voice as shown in
Fig. 1. 

The reasons for using the data-centric networks include [3]: (i)
saving money in comparison with PSTN networks, (ii) having one
information service department of a group of administrative staff,
and (iii) constructing a standard unified network for voice and data
traffic that should be improved for advanced services. Although
VoIP is used for propagating real-time traffic, the received voice is
degraded due to several impairments occurred for packets during
their trip in the network. For instance, the transmitted voice packets
might be lost in the network due to congestion in the IP network,
delay in decoding processes, or delay variance (or jitter) of
receiving the packets. In jitter case, the delay occurs over time
from point-to-point when network congestion, improper queuing

occurs, or low bandwidth situations. Hence, the impairments
decrease the quality of voice in IP networks when it is compared to
the quality of voice in PSTN networks. This motivates to discover
techniques that assess the quality of VoIP traffic for legal,
commercial, and technical reasons [4]. Users in VoIP networks
interests with a high-quality voice as quality service [5]. Since in
order to provide such quality of service, VoIP service providers
consider measuring voice quality as one of the essential processes
for achieving user satisfaction by improving the quality of the
network.

There are two methodologies to evaluate the quality of voice in
VoIP networks that depend on the involvement of users in
assessment, which are subjective and objective methods [6]. In
subjective methods, the users estimate the voice quality using
calibrated laboratory under standard conditions, while in the
objective methods computational algorithms are used to evaluate
the quality of voice without user interference. Although subjective
methods result in a highly effective approach to evaluate the
quality, it is difficult to be achieved due to cost, time consuming,
and trustworthiness of users in giving their opinion. The objective
methods are used instead that depend on several parameters to
evaluate the quality of voice. There are two categories of objective
methods depending on availability of the original voice signal,

Fig. 1  VoIP processes [2]
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namely, intrusive and non-intrusive methods. Intrusive methods use
original and degraded voice signals to measure distortion as a
reference for quality evaluation [6]. Non-intrusive methods use
only the degraded signal to estimate the quality whether using
some parameters from the network [7] or features from signal
processing techniques [8]. Despite the accuracy of intrusive
methods, sometimes it is hard to obtain the original voice for
evaluation. Hence, non-intrusive methods are more promising and
realistic techniques in VoIP networks.

In this paper, we propose a non-intrusive machine learning-
based objective method (NIML) using parameters from the
network and from the transmitted signal voice as features. The
proposed approach combines the characteristics of intrusive and
non-intrusive methods in extracting features in order to alleviate
their problems. In particular, the NIML method is a machine
learning approach that is built on a training set of features and
labels. The features include encoding/decoding type, the voice
(speech) gender, language, packet loss, and burst ratio, whereas the
labels include mean opinion score (MOS) that are converted from
perceptual evaluation of speech quality (PESQ) scores. Our
contributions are summarised as follows:

• We investigate the effect of parameters for voice quality
assessment used in the training set and their applicability in
building the classifiers.

RQ1: How effect is using the selected parameters on the quality of
voice?

• We study a set of classifiers that are selected from different
families of machine learning, and estimate their robustness in
evaluating the voice quality in comparison with the PESQ intrusive
technique.

RQ2: What is the robustness of using different learners in
evaluating the voice quality in the VoIP networks?

This paper is organised as follows. Section 2 discusses the
quality of service and the methods that used to estimate the voice
quality. Section 3 presents the NIML objective method voice
quality assessments along with the parameters that are used for
building a training set. Section 4 argues the parameters settings and
the simulation for extracting their values, in addition to the
machine learning and evaluation techniques that are used for
validating the NIML approach. Finally, Section 5 summarises our
approach and the results along with discussing the research
questions, in addition to future works.

2 Related work
Several methods have been emerged for evaluating the quality of
transmitted voice over VoIP networks. This section clarifies a set of
evaluating approaches that are classified as subjective and
objective approaches.

2.1 Subjective methods

Subjective assessment methods need a panel of users to perform
the subjective tests of voice quality (test subjects) by listening to a
set of recorded or live conversational speech samples in different
network conditions under special laboratory settings. Each subject
gives his/her opinion on voice quality sample by assigning a score
value to each sample ranging from 1 refer to bad quality up to 5
refer to excellent quality [9]. These scores result in a MOS metric
that is estimated by averaging the scores obtained from the panel of
users for a given sample such as the dominant method absolute
category rating (ACR). The subjective assessment methods are
more accurate, useful, and reliable in measuring the perceived
voice quality than the objective methods. The reason is that it
reflects the opinion of human assessors at receiver end on voice
quality. Therefore, the subjective methods are crucial as a
benchmark for evaluating the objective methods. Nevertheless, it
has several disadvantages such as [10]: (i) it needs special
laboratory conditions for testing, (ii) it is expensive to perform the

test because it needs many materials and resources to perform this
operation, (iii) cost time to perform the test (time consuming), and
(iv) finally it is not suitable in real time or online applications as in
non-managed networks such as internet. There are two techniques
of subjective assessment methods: conversional test (two-way test)
and listening test (one-way test) [11].

2.2 Objective methods

As subjective speech quality tests are hard-to-conduct,
consequently objective tests received great interest from
researchers and engineers for a long time, who have attempted to
evolve and develop new algorithmic, mathematical, and
computational machine models. These models automatically
evaluate the transmitted speech quality over the IP-based networks
that replace the human panel. The aim is to predict MOS values
that are as close as possible to the rating obtained from a subjective
test and to make up or circumvent the limitations of subjective
assessment methods. Objective measures can be classified into two
classes: intrusive and non-intrusive; where intrusive measures,
often referred to as input-to-output measures, their measurements
depend on comparing the original (clean or input) speech signal
with the degraded (distorted or output) speech signal which are
also comparison-based methods such as signal-to-noise ratio [12],
bark spectral distortion [13], modified bark spectral distortion [14],
enhanced modified bark spectral distortion [14], measuring
normalising blocks [15], perceptual speech quality measure
(PSQM) and PSQM+ [16], perceptual analysis/measurement
system (PAMS) [17] and the dominant standard PESQ [18, 19]. On
the other hand, non-intrusive measures (also known as output-
based or single-ended or passive measures) use only the degraded
signal without access to the original signal, non-intrusive methods
are also divided into two subcategories, signal-based and
parametric-based methods. Signal-based methods, as the name
suggests, depend on digital signal processing that estimates the
speech quality when the envelope of the speech signal suffered
from degradation over time due to low-bit rate coding or
transmission over noisy wireless links such as ITU-T
recommendation P.563. On the other hand, parameter-based
methods process the audio stream that is decoded after buffer
playout to extract relevant information for estimating the voice
quality such as the most prominent approaches E-model (ITU-T
recommendation G.107) [20] and POLQA ITU-T recommendation
P.863 (Perceptual Objective Listening Quality Assessment) [21].

3 Non-intrusive machine learning-based objective
approach
Objective methods mainly employ the parametric and/or signal
features of degraded voices for estimating the voice quality. The
proposed NIML approach also creates a training set of features
along with their labels (i.e voice quality) from which a classifier is
built for assessing the voice quality of unknown future voices.

3.1 Problem formulation of NIML approach

In order to mathematically clarify the problem of estimating voice
quality over VoIP networks, the formulating form is described as
follows: assume that we have a set of original voices Ov and their
degraded voices Dv that are generated by conducting the simulation
on a set of network parameters such as packet loss (Ploss), Codec
(C), and burst ratio (Bratio). The voice quality is estimated by
intrusive methods using Ov and Dv or by non-intrusive methods
using only Dv as inputs. Our approach considers the problem as a
set of features and their labels. The features are extracted from the
network and transmitted voice, including language (L), gender (G)
which are estimated from the voice itself using a set of techniques
[22, 23] and C, Bratio, and Ploss as a function extracted from the
network ϕ(L, G, Bratio, Ploss). The labels present the PESQMOS
values resulted from the PESQ method; corresponding to o ∈ Ov
and d ∈ Dv voices as PESQ(o, d) = MOS. A classifier is built by
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mapping the set of features into their corresponding MOS value
using the training set.

F(ϕ(L, G, Bratio, Ploss)) ⟶ PESQ(o, d) (1)

Fig. 2 shows our proposed approach and VoIP simulation. An
original voice signal o is sent to the IP network after encoding. The
simulation then distorts the voice with a percentage of Ploss and
Bratio values. Finally, the degraded voice signal d is decoded and
then aggregated as packets voice at the destination end. The
proposed approach builds a training set of features along with
MOSPESQ labels and constructs a classifier to predict the MOSPESQ
values. 

3.2 Training set construction

The problem of voice-quality estimation depends essentially on the
efficiency of constructed classifiers. We build a training set from a
set of features derived from the network and the voice itself related
with the MOSPESQ values as labels estimated from the PESQ
method. In more detail, the extracted features are as follows:

Packet loss (Ploss): The voice is encapsulated into voice packets
that are transmitted over IP network using UDP. The UDP protocol
does not guarantee the process of re-sending the lost packets in the
network compared with transmission control protocol that does.
This generated problems lead to the loss of some packets. These
problems occurred due to some reasons such as (i) the hardware,
like routers, sometimes cannot be able to meet bandwidth demands
for receiving packets; (ii) many packets are lost at the receiver end
due to the excessive delay or the interference observed on wireless
links [24]. The packet loss in the packet-based network is
inevitable, therefore packet loss still has an effect on the received
quality.

To study the effect of packet loss on voice quality, a
mathematical simulator model is needed. The state of packets at the

receiver-end appears in found or lost state, which depends on the
time of play-out. Since the Markov model is used to simulate the n-
transition state of any system, we use it to simulate the 2-state
transition of packet loss on packet-based networks [25]. The 2-state
Markov model is shown in Fig. 3. 

The 2-state Markov model uses two parameters p and q. The p
parameter is the probability of transition from found state to loss
state, while the q is the probability of transition from loss state to
found state. We use the two parameters in an equation from ITU-T
Recommendation G.107 [26] to simulate the packet loss on VoIP
networks as shown in equation 2

1
p + q = Packet_Loss

p = 1 − Packet_Loss
q (2)

The p and q parameters, in this equation, can be computed using
packet loss. As such, the two parameters are used to simulate
packet loss in a voice signal in VoIP networks.

Language (L): VoIP networks are essentially not restricted to a
specific language where the architecture is independent of the
transmitted voice signals. Hence, the network can use different
languages of various effects on voice quality. To study such effects,
standard artificial voices from ITU-T Recommendation P.50 [27]
are created, which consists of 20 languages. The languages are
American English (A), Arabic (Ar), British English (B), Chinese
(Ch), Danish (Da), Dutch (Du), Finnish (Fi), French (Fr), German
(Ger), Greek (Gr), Hindi (Hin), Hungarian (Hu), Italian (Ita),
Japanese (Ja), Norwegian (Nor), Polish (Po), Portuguese (Port),
Russian (Ru), Spanish (Sp), and Swedish (Swe). Each language
has 32 voices of 16 for each gender. The artificial voice is a signal
that is mathematically defined to reproduce the time and spectral
characteristics of a human speech – over the bandwidth 100 Hz–8 
kHz – which significantly affect the performances of linear and
non-linear telecommunication systems. The following time and
spectral characteristics of real speech are reproduced by the
artificial voice [27]:

• long-term average spectrum.
• short-term spectrum.
• instantaneous amplitude distribution.
• voiced and unvoiced structure of speech waveform.
•syllabic envelope.

The artificial voice described in the Recommendation is mainly
used for objective evaluation of speech processing systems and
devices, in which a single-channel with continuous activity (i.e.
without pauses) is sufficient for measuring characteristics. The
advantage of generating artificial voice is that it is more easily
generated and have smaller variability than samples of real voice.

Gender (G): As discussed before, each language of 20
languages has two genders: female and male. In particular, each
gender has 16 voice signals to variate the voice signal frequencies
in the same gender type of one language. We believe that there are
different human voices where the male voices usually have high
frequencies and powers that the female ones. Therefore, gender
type has to be a crucial feature in estimating the voice quality in
VoIP networks, which is substantially involved in the experiments.

Burst ratio (Bratio): Burst ratio metric [24] is considered one of
the important parameters that have a major effect on voice quality.
The metric is defined as a measure of burstiness in the packet-
based network and is also defined as a ratio of the average length
of observed bursts in a packet arrival sequences over the average
length of bursts expected for a random loss in the packet-based
network. The burst length refers to the number of packets in a
single loss bursts. The burst ratio can be calculated by the
following equation:

Burst_Ratio = MBLB
MBLR

=
( ∑b = 1

Number − of − Burst Busrt − lengthb
Number − of − Burst )

( 1
1 − L )

(3)

where

Fig. 2  NIML voice quality prediction method
 

Fig. 3  2-State Markov model
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MBLB is the observed mean burst length of the loss sequence .
MBLR is the mean burst length of random packet loss .
L = t /T is the the proportion of lost packets that is also a lost rate .
t is the number of packets that are lost at the receiving end .
T is the sending packets in a given period of time .

It has long been observed that loss on the packet-based network
is bursty; which means that the loss of a packet depends on lost
previous packets. This study used equation provided in ITU-T
Recommendation G.107 [26] to compute the burst ratio according
to the p and q values as follows:

Burst_Ratio = 1
(p + q) (4)

Packet loss parameter uses burst ratio percentage to compute
the p and q values in order to simulate degradation for a
transmitted voice over a packet-based network. The proposed
simulator takes packet loss and burst ratio percentage as input
parameters for previous equations to compute p and q parameters
to be used for inserting loss state in random positions of the
transmitted voice stream.

Codec (C): The transmitted signal needs to be encoded in IP-
network in order to reduce the quantity of data that transmitted
over the network, in other words, reduce the channel bandwidth by
compressing the data packets. In particular, EnCoding and
decoding (Codec) processes are used in data communications,
networking, and storage as steps in transmitting voice over VoIP
networks. The process of converting a sequence of characters
(letters, numbers, punctuation, and certain symbols) into specially
compressed formats for efficient transmission or storage is called
encoding. In contrast, decoding is the process of converting an
encoded format back into the original sequence of characters. Here,
the two processes are utilised as features in the training set.

3.3 Classification techniques: building NIML approach

The NIML method takes the training set as input and uses machine
learning techniques to extract patterns as output models. These
models can be utilised for classifying future, unseen or unknown
features. In particular, machine learning techniques extract the best
hypothesis from a space set of hypotheses generated during the
training phase. Each classifier has its own mathematical theory to
map the input instances into output labels composed into a specific
model or pattern.

In machine learning, there are classifiers categorised under the
same theory but with small differences in technical issues. In this
paper, we examine a set of classification learning techniques
employed from different families. We use the most effective and
accurate classifiers from each family. The selected classifiers in
terms of family perspective include the following [28].

Bayes: It is a direct method that estimates the probability of the
best hypothesis based on prior probability, the probabilities of
observing various data given the hypothesis, and the observed data
itself. Then, Bayes methods build a rule-based or network model
that reflects the probability of the best hypothesis. We use two
classifiers which are NaiveBayes (NB), BayesNet (BN).

Functions: Each classifier aims to build a model of function (or
hypothesis) where the input domain (i.e. features) is mapped into
an output of range (i.e. labels). There are many forms of mapping
such as the neural network (i.e. using feed-forward and back-
propagation techniques for updating the network weights to reduce
the error of loss function), logistics (regression), support vector
machine (i.e. hyper-planes), and so on. Here, we use
MultilayerPerceptron (MLP), SimpleLogistic (SL) and SMO.

Lazy: Simply keep the training data saved and only when it
observes a test instance start generalisation to classify the instance
based on its similarity to the saved training instances, in contrast
with eager learners that construct a classifier as a ready learned
model before observing testing instances to classify future
instances such as Bayes, functions, meta, and trees families. We
use three best algorithms that are IBk, KStar, and LWL.

Meta: The idea is to learn a set of classifiers (experts) from the
training set. Each classifier is built by randomly selecting a subset
of the training set (i.e. samples) with a replacement. Then, the
ensemble classifier combines these weak learners for predicting
future unseen test instances using voting or average methods. The
ensemble classifier is constructed by two combining approaches as
an independent (as voting or average) and a weighted sum of
classifiers. The weighted sum ensemble classifier is built as
weighted weak learner where a new classifier is learned from the
incorrect classification of previous weak classifiers. Three best
techniques in this family were used; AdaBoost (AB), Bagging (B),
and LogitBoost (LB).

Trees: Each classifier in this family is built as a form of trees
where each node represents the selected best attribute while the
arcs represent the values of that attributes. Three techniques were
examined which are Decision Tree (J48), LMT, RandomForest
(RF).

3.4 Evaluation phase

For evaluation, particularly in the training phase, we repeat the
experiments ten times for each classifier along with ten-fold cross-
validation method. We also use a set of evaluation metrics, which
are precision, recall, and receiver operating characteristic (ROC)
area [29]. Precision (also called positive predictive value) is the
percentage of relevant instances among the retrieved ones, while
recall (also known as sensitivity) is the percentage of retrieved and
relevant instances over the total amount of relevant ones. The ROC
area (or curve) [30] is used to see how well your classifier can
separate positive and negative instances and to identify the best
threshold for separating them. In particular, the ROC curve is a
graph plot that relates the true positive rate (sensitivity or recall) in
function of the false positive rate for different threshold points of a
parameter. Hence, each point on the ROC curve represents a recall/
false positive rate pair corresponding to a particular decision
threshold.

4 Experimental settings and results
In order to evaluate the proposed NIML prediction models, a
simulation is built to emerge the VoIP processes as shown in Fig. 2.
This section discusses the parameters values that are used in the
simulation and presents the experimental results. The experimental
results also include discussion and conclusion for answering the
research questions in the Introduction.

4.1 Simulation settings

The NIML approach uses a training set of features and labels. We
use the features that are discussed in Section 3. Each feature has a
set of values that relate to MOS values as dependent metric labels.
The parametric settings for each feature are discussed as processes
as follows.

Encoding process: Two encoding methods were used in the
simulation; which are ITU-T recommendation G.723.1 of 6.3 kbps
[31] and ITU-T recommendation G.729 [32]. The ITU-T
recommendation G.723.1 specifies a coded representation to be
used for compressing the speech or other audio signal components
of multimedia services at a very low bit rate. This coder has two-bit
rates associated with it; which are 5.3 and 6.3 kbps. The higher bit
rate has a high quality; the reason it is used by our experiments.
The lower bit rate gives good quality and provides system
designers with additional flexibility. Both rates are a mandatory
part of the encoder and decoder. It is possible to switch between the
two rates at any 30 ms frame boundary. An option for variable rate
operation using discontinuous transmission and noise fill during
non-speech intervals is also possible. This coder was optimised to
represent speech with a high quality at the above rates using a
limited amount of complexity. Music and other audio signals are
not represented as faithfully as speech but can be compressed and
decompressed using this coder. This coder encodes speech or other
audio signals in 30 ms frames. In addition, there is a look ahead of
7.5 ms, resulting in a total algorithmic delay of 37.5 ms. All
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additional delays in the implementation and operation of this coder
are due to:

1. actual time spent processing the data in the encoder and
decoder;

2. transmission time on the communication link;
3. additional buffering delay for the multiplexing protocol.

ITU-T recommendation G.729 contains the description of an
algorithm for the coding of speech signals at 8 kbit/s using
conjugate-structure algebraic-code-excited linear prediction (CS-
ACELP). This coder is designed to operate with a digital signal
obtained by first performing telephone bandwidth filtering [33] of
the analogue input signal, then sampling it at 8000 Hz, followed by
conversion to 16-bit linear PCM for the input to the encoder. The
output of the decoder should be converted back to an analogue
signal by similar means. Other input/output characteristics, such as
those specified by [33] for 64 kbit/s PCM data, should be converted
to 16-bit linear PCM before encoding, or from 16-bit linear PCM
to the appropriate format after decoding. The bitstream from the
encoder to the decoder is defined within this recommendation.

The major differences between the two codecs lie in the
excitation signals, the partitioning of the excitation space (the
algebraic codebook), delay, and the way in which the coefficients
of the filter are represented. The frame information for G.729 and
G.723.1 is shown in Table 1. The delay induced at the encoder is
referred to as an algorithmic delay. 

The two codecs also have voice activity detection and silence
suppression processing. The frames are classified as a normal
speech frame, silence insertion description frame and null frame
(non-transmitted frame).

Finally, these two encoding and decoding methods
consequently result in a compressed signal to be an input for packet
loss simulator for the next process.

Simulating packet loss: Simulating packet loss requires
updating a set of bits in encoded packets using the 2-state Markov
model of two probabilities values; p and q. The p and q values
should be calculated from provided packet loss and burst ratio
probabilities as depicted in Equations (2) and (4). Then, p and q
values are used to add zeros in specific places in the encoded data
stream as packet loss state using a specific threshold; which is the
packet loss percentage. Hence, in order to compute the two
probabilities, we use packet loss of 50 values from 1 to 50
percentages (i.e. increased by 1) and five values of 1 to 5
percentages for the burst ratio.

Decoding process: As known the received degraded signal at
the end-side needs to be decompressed to retrieve the required
original signal to play out at receiver buffer for listening, so the
same two coders that were used for coding have an opposite

process of encoding process that is a decoding process, hence the
two decoders [31, 32] were used for decompression. The
decompressed signal is a result signal that is utilised by the user at
the receiver end. This decompressed or degraded signal is used as
input along with the original signal to compute the voice quality as
an objective estimation in the next step.

Estimating the voice quality using PESQ method: The PESQ is
a standard method in [18, 19], which is used to compute the voice
quality as MOS value. The method needs two signals as input to
make the comparison and compute the quality of degraded
(decompressed) signal, which are the original voice and the
degraded (decompressed) signals where the output is MOSPESQ
value. This value is converted into MOSLQO value. In more detail,
the PESQ algorithm involves the following processing stages.
First, the model aligns both the reference signal and the degraded
signal to the same constant power level that corresponds to the
normal listening level used in subjective tests to process a series of
delay between two signals to determine the start and end points.
Based on the set of delays that are found, PESQ compares the
original (input) signal with the aligned degraded output of the
device under test using a perceptual model. Then the signals are
filtered using an fast Fourier transform based input filter to model
and compensate or mimic for the filtering that takes place in the
telephone handset and in the network. Both signals are aligned in
time and then processed through an auditory transform similar to
that used in PSQM and PAMS. The structure of the PESQ model is
illustrated in Fig. 4. 

The final PESQ score is a linear combination of the average
symmetric disturbance value and the average asymmetric
disturbance value, computed using the following formula [18, 19]:

MOSPESQ = 4.5 − 0.1 ∗ dSYM − 0.0309 ∗ dASYM (5)

where MOSPESQ represents the P.862 PESQ MOS, dSYM is the
average symmetric disturbance value and dASYM is the average
asymmetric disturbance value. The range of the PESQ score is
between −0.5 and 4.5 as opposed to the ACR listening quality
MOS which is on a 1–5 scale.

Converting MOSPESQ to MOSLQO: The PESQ values (i.e.
MOSPESQ) should be converted to a MOSLQO value, which is the
quality estimation for a prospective user. As MOSPESQ, that is
defined in P.862, is calibrated against an essentially arbitrary
objective distortion scale, it is not designed to be exactly the same
scale as MOS. It is therefore desirable to provide an objective
listening quality score from the P.862 that allows a linear
comparison with subjective MOS. In order to achieve that and to
align the PESQ MOS with the new MOS terminology as defined in
[34], ITU-T published their recommendation [35]. This
recommendation defines a mapping function and its performance
for a single mapping from raw P.862 PESQ MOS scores to PESQ
MOS-LQO. The mapping function is defined by [35]

z = 0.999 + 4.999 − 0.999
1 + e−1.4945y + 4.6607 (6)

where
y is the P.862 PESQ score z is the corresponding PESQ
P.862 MOS_LQO score

For normal subjective test material, the PESQ output range
should be a listening quality MOS-like score between 1.0 (bad) and
4.5 (no distortion) [36]. This work follows a modified scale of the
ACR test that uses five quality scores as bad (1), poor (2), fair (3),
good (4), and excellent (5) [6].

The five processes were repeated 20,000 times to produce
20,000 records, which are a combination of the parameters as 50
packet loss values, 5 burst ratio values, 20 language, male and
female and 2 codecs. Each value of the parameter along with
MOSLQO value acts as a record to the training set. Table 2
summarises the parameters setting that were used in the simulation.

Table 1 Frame information for G.729 and G.723.1
Codec Algorithm Bit

rates,
kb/s

Frame
length,

ms

Look-
ahead,

ms

Algorithmic
delay, ms

G.729 CS-ACELP 8 10 5 15
G.723.1 MP-MLQ/

ACELP
5.3/6.3 30 7.5 37.5

 

Fig. 4  PESQ model [19]
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4.2 Experimental results

This subsection presents the experimental results in two evaluation
perspective. First, we study the effect of each parameter (i.e. five
features) in the training sets on the voice quality to see how impact
is the parameter as a feature on building the classifier models.
Second, we present the evaluation of classifiers algorithms on the

voice quality and a discussion includes the comparison of such
algorithms.

Features effect and analysis: The features have impacts on the
voice quality using their variation of parameter values. Here, we
present the influences of each feature independently on the voice
quality by initially setting the other features to fixed values.

To begin with, packet loss naturally has incremental decreasing
effects with respect to their parameter values as shown in Fig. 5.
The figure presents the percentage of packet loss on the x-axis,
while MOSLQO is presented at the y-axis. As shown in few places
on x-axis the MOSLQO values are increased due to the randomness
in using 2-state Markov model for selecting the packet to remove it
in the simulation. This randomness has an effect on the important
parts in the original signal when it loses it. 

As discussed, the loss in packet-based networks is burst in its
nature. Fig. 6 shows the effect of increasing burst ratio to the voice
quality, which in turn reflects losing packets in sequences. The
consecutive packet lost (i.e. burst ratio) causes a problem when
estimating the voice quality using PESQ algorithm. That is, the
algorithm aligns the original and degraded signal to compare the
signals, whereas turning the alignment with sequential packet loss
rises a critical problem. Fig. 6 ensures the argument except at a
case at burst ratio 5 due to an experimental issue where the effect is
still in percentages.

In the encoding process, the algorithms split the signal into a set
of bits using specific bits rate and frame length for creating the
transmitted packets. Each encoding approach has a set of
characteristics such as bit rate, frame length, and delay. If the
encoding process uses an algorithm in high bit rate and frame
length, this has an effect on the transmitted voice quality at the
receiver end. Fig. 7 shows that the G.729 algorithm has high
MOSLQO values on voice quality in comparison with the G.723.1
algorithm by increasing the packet loss percentages, due to the low
bit rate and large frame length using the G.723.1 codec. The results
in Fig. 7 ensures the discussion about the parameters in Table 1 that
G.729 technique outperforms the G.723.1 approach. 

Several languages are available that might be used in VoIP and
have an effect on transmitted voice quality. Hence, Fig. 8 shows the
impact of using 20 languages on voice quality assessment. The x-
axis presents the languages that are used on VoIP, while the y-axis
represents the MOSLQO corresponding values. The figure clarifies
that diverse languages have a different effect on voice quality,
which means that each distinct language has a power in its
characters. Since the sounds in language determine its power and
energy that involved in the frequency of the signal. The MOSLQO
values in Fig. 8 range between 3.25 and 3.82 on average of 3.5. 

There is a distinct influence of using gender as a parameter on
voice quality [37]. As shown in Fig. 9, the male gender has
apparently a high impact on quality of transmitted voice using 50%
of packet loss where the difference MOSLQO values range between
0.2 (i.e. 1.3 and 1.5 at 50%) and 0.5 (i.e. 3.8 and 3.2 at 1%). This
ensures different frequencies in using vowels between men and
women. 

In summary, these experimental results and study ensure the
research question RQ1 that each feature (or parameter) has a
potential impact on voice quality in VoIP networks.

Evaluation results learning techniques: The features in training
set independently manifest their influences on transmitted voice.
The core part of the NIML method is the classification techniques
for voice quality assessment. Hence, it is fundamentally important
to explain how to use these techniques in predicting the quality of
future degraded signals given their features. In order to evaluate the
techniques, as discussed before we repeat the experiments ten
times on each 10-fold cross-validation method. The evaluation
metrics are used to potentially ensure the robustness of linear
methods, where the metrics are precision, recall, and ROC area.

Table 3 shows the results of using 14 classifiers on a training set
of 20,000 instances. The table differentiates each family with its
classifiers. Principally, the NB classifier has better performance in
precision value and less values in recall and ROC area compared to
the BN classifier under Bayes family. This ensures the performance
of the probability network of BN classifier. The MLP classifier has

Table 2 Parameters settings of the experiment
Parameter Value

packet loss (Ploss) {1,2,…, 50}
language (L) 20 languages {American English, British English,

Arabic, …}
gender (G) {Female, Male}
burst ratio (Bratio) {1, 2, 3, 4, 5}
codec (C) {G.723.1, G.729}

 

Fig. 5  Packet loss percentage effect on MOSLQO using G.723.1 codec
 

Fig. 6  Burst ratio percentage effect on MOSLQO using G.723.1 codec
 

Fig. 7  Codec effect on MOSLQO
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a superior results over other classifiers of the same family on three
evaluation metrics. The IBk classifier beats the KStar and LWL
classifiers in precision and recall metrics and comparable
performance with ROC area to the KStar classifier. In Meta and
Trees families, the B and RF classifiers almost outperform the
other classifiers on the same family with evaluation metrics
precision (0.941), recall (0.942), and Roc area (0.99), respectively.
The overall results across families, the IBk, B, and RF classifiers
have superior performance over the other classifiers with
apparently best performance allocated to RF classifier of precision
0.941, recall 0.942, and ROC area 0.992. These results lead to the
research question RQ2 affirmatively.

5 Conclusion and future work
The NIML voice quality assessment approach uses a training set of
features with corresponding labels to build a classifier model for

future unseen instances. The features are packet loss, burst ratio,
codec, language, and gender, while the labels are the MOS_LQO
values estimated from the PESQ_MOS values between the original
and degraded signals. In this work, we studied the impact of such
features independently on transmitted voice quality by using their
MOS_LQO values and fixing the values of the remaining features.
The results showed that each feature independently has an effect
and can be used as features in the training set, which answers the
research question RQ1 affirmatively. On the other hand, a set of
classifiers of different families were used on the training set to
build models. The models take the values of features as input and
predict the MOS_LQO values as a label. We used 15 classifiers of
different families and evaluated their performance using three
evaluation metrics. The results potentially ensure the ability to use
such models in predicting the quality of transmitted voice over
VoIP networks. Three classifiers of different families showed a
superior impact on the others models, which are IBk, B, and RF
classifiers. Hence, this answered the research question RQ2 of
robustness of using such models.

In future work, it is important to investigate a set of other
features related to the voice itself such as frequency, time, phase,
amplitude, and so on. Hence, signal-based features are being the
target for evaluating the voice quality. In addition, a new set of
classifiers including modern ones is being to be studied along with
thorough discussions on their performance using different
evaluation metrics.
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