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Abstract
OBJECTIVE EVALUATION OF SPEECH QUALITY OVER 

TELECOMMUNICATION NETWORKS USING NEURAL NETWORKS
by

Mohamed Mohamad Meky 

Advisor: Professor Tarek N. Saadawi

Throughout this research, we have introduced new perceptually objective measure tech­

niques that can be used to predict speech quality over telecommunication systems. In 

these techniques, we emulate several known features of perceptual processing of speech 

sounds by human ear (including critical-band masking, equal loudness, and the intensity- 

loudness power law operations) to map the speech power spectrum into auditory power 

spectrum which assumed to represent the information conveyed by the auditory nerve 

to the brain. Then, we have used the neural network technique to map the effectively 

extracted features, that derived from the auditory spectrum, into the corresponding speech 

quality. The results indicate that our proposed techniques are reliable and robust in eval­

uating the coded speech quality and they are highly correlated to human responses across 

a wide range of quality levels and for a wide range of speech coding techniques.

From the speech coder designing point of view, our objective measure techniques can be 

used in development, testing, refinement, deployment, or standardization of algorithms 

and equipment that process speech signals.

Furthermore, in this research, we have presented a discussion of the issues involved in 

predicting the degradation impact of cell loss and jitter impairments on speech quality 

over ATM networks. Prediction the speech quality over ATM networks helps in designing
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the speech coders and controlling their electrical parameters to maintain certain speech 

quality.

From the network design point of view, the proposed techniques can be used to assign 

upper cell loss and jitter limits for the suggested coding algorithms to be used over ATM 

networks. Also degradation information produced by the proposed techniques can be 

used to aid in designing of the management, congestion control protocols and assignment 

rules that achieve certain quality of service (QOS) requirements.
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Figure A.1 Voice production model.
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Chapter 1 INTRODUCTION
1

1.1 Overview

Great advances have been made in the telecommunications industry in the past decade. 

The next decade promises to be just as exciting with an explosion of new services 

and technologies. Now is the time to examine critical telecommunications issues. 

Specification and measurement of telecommunications system performance & its quality 

of service (QOS) is one of these critical issues [1]. Performance is important to end 

users when selecting telecommunications equipment/services and to providers when 

designing/operating telecommunications facilities. Among of these facilities are the 

speech coders. The primary motivation for characterizing the electrical performance 

of speech coders is that one hopes to maintain high speech quality by controlling their 

electrical parameters.

Subjective and objective tests are used to evaluate the performance of such coders.

1.1.1 Subjective tests

The purpose of the subjective listening tests is evaluate the speech coders performance. 

The most widely used of the subjective listening tests is the Absolute Category Rating 

(ACR) test. In an ACR test [2] the subjects listen to short stimuli and rate the quality on 

a five point scale. The rating scale used is shown in Table. 1.1.1.1.
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Description Grade Level of Distortion

Excellent 5 Imperceptible
Good 4 Just perceptible but not annoying
Fair 3 Perceptible and slightly annoying
Poor 2 Annoying but not objectionable
Bad 1 Very annoying and objectionable

Table l . l . l . l  Quality rating scale for ACR test.

Listeners choose one of the descriptive labels shown in Table 1.1.1.1. The selected 

response of each listener is transformed to the number shown and the arithmetic average 

over all listeners for a given test condition yields to Mean Opinion Score (MOS).

1.1.2 Objective tests

Objective measure techniques that provide reliable speech quality indications are indis­

pensable to persons involved in the development, testing, refinement, deployment, or 

standardization of algorithms and equipment that process speech signals. Such tech­

niques help to minimize the number of costly and time consuming formal subjective tests 

required by those activities [3], including the performance evaluation of the speech coders. 

To be generally applicable and useful, objective performance measures should be:

• Technology independent ( independent of coding algorithm and transport architecture),

• Mimic the human perceptual response, so that objectively measured quality would 

agree with subjective quality.

There should be at least three major steps involved in the development of an algorithm 

for objective performance assessment. These steps are depicted graphically in Fig. 1.1.2.1. 

First, subjective quality testing must be designed and conducted in such a manner that 

the results really do measure user-perceived quality. Second, candidate objective quality
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measures are developed and implemented. The third major step is the validation of the 

objective quality assessment algorithm. A major criteria for the acceptance of candidate 

objective measures is accurate correlation to the user-perceived quality, as provided by 

the subjective quality ratings.

f  Develop candidate^ 
objective quality 

V. measures J

' Design subjective
quality test

v / ̂ ^

Figure 1.1.2.1 M ethodology for development of objective quality assessment algorithm.

Objective measures that prove to be redundant or not significant may be discarded. The 

set of objective measures that accurately correlate with user-perceived quality levels can 

then be used in the design of the algorithm for objective quality assessment.

1.2 Previous Work

Over the years, there have been numerous objective measure suggested and used for 

the evaluation of speech coding systems. The most common objective measure is the 

mean squared error (MSE) between original and coded speech waveforms. This leads 

to signal-to-noise ratio (SNR), a term that is inaccurate because the "noise" does not 

exist as a physical entity; rather, it is manifested perceptually as the discrepancy between 

what the listener hears and what he expects to hear. The SNR treats the entire speech 

sample as a single vector, as if the listener made a single comparison after storing the

Validate quality
assessment
algorithm

Algorithm for 
objective quality 
assessment
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entire utterance, clearly an unreasonable proposition. In a more realistic variant called 

segmental (SNRSEG), SNR power ratios over short segments are determined and their 

geometric mean is computed. This seems to correspond much better to the auditory 

experience.

In an improved measure, a perceptually weighted mean squared error (PWMSE) was 

studied [4] where the weighting depends on the time-varing spectral envelope of the 

original speech. This measure is widely used for the analysis-by-synthesis in VXC/CELP 

coders. Recently, it has also been proposed as the basis for a modified SNR measure [5]. 

However, even with perceptual weighting such a distortion measure is still fundamentally 

waveform-based and focuses on approximating the sample-to-sample variations of the 

signal, rather than on the perceptual closeness of the reconstructed speech to the original 

[6].

Other objective measures are derived from LPC coefficients or other time/frequency 

domain parameters [7, 8, 8] but none of these have been totally satisfactory. In particular, 

the cepstral distance (CD) measures the disparity between the original and coded spectral 

envelopes, and is determined by generating cepstral coefficients from the LPC parameters. 

In [7], a high correlation coefficient of 0.93 was claimed between CD and MOS for speech 

coded in the range of 16-32 kb/s. However, for a broader range of bit rates, Quackenbus 

et al. [9] reported a much lower correlation of 0.63.

The limited ability of some of these measures to predict MOS ratings reported in [9] is 

shown in Table 1.2.2, where r is the correlation coefficient between MOS ratings and 

corresponding objective measures. The value r = 1 would indicate that the measure 

predicts MOS perfectly, while r = 0 could be obtained even by randomly guessing
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the MOS. As is seen, conventional SNR does not perform much better than this, but 

others do. For example, segmental SNR reaches 0.77, with LPC-based measures trailing 

closely behind it.

]
Objective Speech Quality Measure j !

Time domain measure j 1
SNR 0.24 !
Segmental SNR ; 0.77 !

LPC-based measures i

Log area ratio 0.62 1
Log likelihood ratio 0.50 1
Cepstral distance 0.63 |

Frequency variant log spectral distance i

LPC-based 0.68
Filter bank 0.72 i
Weighted-slope spectral distance j

i
0.74 !

Table 122. Comparative performance o f objective measures.

Objective measures based on auditory models [10, 11] are also used in the field of 

speech recognition. Yet their goal there is different: to measure the phonetic distance 

between received and stored utterances, usually without regard to the speakers’s identity. 

In contrast, high-quality speech coding demands the minimization of psycho-acoustic 

distance, of which speaker identity is an integral part.

The performance of some objective methods is quite promising such as the bark spectral 

distance (BSD) [6], and information index [12]. However, a technique accurate and 

robust enough to replace human listeners in all situations is not currently feasible [1]
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1.3 Motivation
6

While the quality of classical waveform coding algorithms can be estimated by waveform 

matching via the signal-to-noise ratio (SNR) or the segmental SNR, these measures are 

of little relevance to the new generation of coding algorithms in the range of 2-8 kb/s 

where exact waveform preservation would be an unrealistic goal. Instead, such coders 

aim for the adequate rendering of only the perceptually significant aspects of the signal 

to preserve intelligibility and naturalness. Consequently, for these coders we must often 

depend on informal listening ( subjective test) to make instant judgments of quality during 

the process of algorithm development. This is, unfortunately, a hazardous procedure since 

casual listening does not reliably reveal whether one version of an algorithm is better 

or worse than a slightly different alternative. Also, once a candidate algorithm has been 

developed there is no simple and reliable way to report on its overall quality short of the 

costly and time-consuming process of formal subjective testing.

The degradation introduced by different types of low-rate coders and by the effects of 

transmission errors on such coders are very diverse. It is indeed a challenging task for 

any one listener to predict how two coders with different kinds of distortion will rank 

in formal subjective tests.

Finding good objective quality measures for coded, distorted, or synthetic speech is one 

of the most important problems in speech processing [9]. If an objective quality measure 

could be found which was highly correlated with the results of human preference tests, its 

utility would be undeniable. For example, it could replace subjective quality measures in 

the design of speech coding, synthesis and communication systems, in which the measure 

could be repeatedly applied in the course of the design so as to iteratively optimize the
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system’s parameters. Alternatively, it could be an integral part of a speech system itself, 

providing the fidelity criteria to be dynamically optimized as part of the coding procedure. 

Relative to subjective tests, objective tests are less expensive to administer, give more 

consistent results, and are not subject to the human failings of administrator or subject. 

And since objective test results are consistent, tests applied at different times and with 

different personnel and testing facilities could be directly compared. This is not generally 

the case for subjective test results. Of course, objective tests cannot eliminate the need for 

subjective testing but it can greatly aid the algorithm development process by allowing 

a preliminary evaluation of alternative candidate coders. Also they are indispensable to 

end users when selecting telecommunication services.

Furthermore, the reliable objective measure techniques can be used to predict the degra­

dation impact of cell loss and jitter impairments on speech quality over ATM networks. 

Prediction the speech quality over ATM networks helps in designing the speech coders 

and controlling their electrical parameters to maintain certain speech quality.

From network design of view, the reliable objective techniques can be used to assign 

upper cell loss and jitter limits for the suggested coding algorithms to be used over ATM 

networks. Also degradation information produced by these techniques can be used to aid 

in designing of the management, congestion control protocols and assignment rules that 

allowed the meeting of connection performance standards and the achieving of certain 

quality of service (QOS) requirements.

1.4 Work Performed

In most previous objective measures, speech quality is estimated by measuring the 

distortion between input and output speech records, and using regression to map the
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distortion values into estimated quality.

In this research, we introduce our objective measure techniques that emulate several 

known features of perceptual processing of speech sounds by human ear (including 

critical-band masking, equal loudness, and the intensity-loudness power law operations) 

to map the speech power spectrum into the corresponding auditory power spectrum (bark 

domain). Then, the auditory power spectrum has been processed by the following speech 

operations that summarized, for the first objective technique, as follows:

• Calculate the bark spectral distance per band (BSDB) between the input and the output 

coded speech signals,

• Use the abductive networks, that evolved from neural network, statistical modeling, and 

artificial intelligence concepts, to estimate the speech quality from the BSDB.

While the speech operations in the second objective algorithm are:

• Derive the perceptual LPC coefficients from the auditory spectrum that used to calculate, 

for each frame, the cepstrum distance between the input and the output coded speech 

signals,

• Use the radial basis functions neural network to map the perceptual cepstrum distance 

per frame into the corresponding estimated speech quality.

After extensive experimentation and validation of our techniques, we obtained results of 

r and s in the range of 0.96 and 0.1 respectively where r is the correlation coefficient 

between subjective test ratings and corresponding objective measures, and s is the standard 

deviation of the prediction error. The results indicate that our proposed techniques are 

reliable and robust in evaluating the coded speech quality and they are highly correlated 

to human responses across a wide range of quality levels and for a wide range of speech
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coding techniques.

Furthermore, in this research, we have presented a discussion of the issues involved 

in predicting the user’s opinion of speech quality due to cell loss and jitter introduced 

in ATM networks. The user’s opinion is important for the proper design of network 

algorithms such as routing, flow control, and management techniques.

We have used the first objective technique in studying the impact of cell loss on speech 

quality over ATM networks. Moreover, we compare the results between two different 

cell loss’s replacement techniques: stuffing silent samples and inserting the previous 

information in the lost cell. Study shows that the second replacement techniques produces 

better result when compared with the first one. The study also shows that up to 10% of 

speech cells can be lost over ATM networks while keeping the speech quality over MOS 

(Mean Opinion Score) of 3.2 for some speech coders.

Since introducing jitter for the speech signals will change their time characteristics, we 

can’t use the previous objective techniques in predicting the ATM network’s output speech 

quality because the time matching between the input and the output signals is necessary 

in that techniques. To study the impact of jitter on speech quality, we have introduced 

a new perceptually-output-based objective technique to predict the output speech quality 

without referring to the input speech. In this technique, we have used the auditory power 

spectrum in deriving the perceptual LPC parameters. Then, we use the radial basis 

functions neural network to map the perceptual LPC into the corresponding estimated 

speech quality.

From speech coder designing point of view, prediction the speech quality over ATM 

networks helps in designing the speech coders and controlling their electrical parameters
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to maintain certain speech quality.

From network design of view, the proposed techniques can be used to assign upper cell 

loss and jitter limits for the suggested coding algorithms to be used over ATM networks. 

Also degradation information produced by the proposed techniques can be used to aid 

in designing of the management, congestion control protocols and assignment rules that 

allowed the meeting of connection performance standards and the achieving of certain 

quality of service (QOS) requirements.

1.5 Structure of the Thesis

In the following chapter, chapter 2, the first objective measure technique is presented. 

In chapter 3, we introduced the second objective measure technique. Studying the 

degradation impact of cell loss on speech quality over ATM networks is introduced 

in chapter 4. In the fifth chapter, we have presented the issues involved in predicting the 

degradation impact of jitter on speech quality over ATM networks and finally, chapter 

6 contains our concluding remarks.
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Chapter 2 A PERCEPTUALLY-BASED 
OBJECTIVE MEASURE FOR SPEECH 

CODERS USING ABDUCTIVE NETWORK

2.1 Overview

The purpose of this chapter is to provide a new perceptually-oriented objective measure 

technique that is highly correlated to human responses across a wide range of quality 

levels and for a wide range of speech processing, transmission, and transport technologies 

[13]. In this chapter, we introduced our objective measure technique that:

• Emulates several known features of perceptual processing of speech sounds by human 

ear (including critical-band masking, equal loudness, and the intensity-loudness power 

law operations) to map the speech power spectrum into auditory power spectrum (bark 

domain) that is used to calculate the bark spectral distance per band (BSDB) between 

the input and the output coded speech signals.

• Uses the abductive networks, that evolved from neural network, statistical modeling, 

and artificial intelligence concepts, to estimate the speech quality from the BSDB.

After extensive experimentation and validation of our technique, the results indicate that 

our proposed technique is reliable and robust in evaluating the coded speech quality. 

A major achievement of our objective measure technique is the realization of a speech 

evaluation method that is technology independent ( independent of coding algorithm and 

communication technology).

The rest of this chapter is organized as follows: section 2 introduces our speech data. 

The calculation details of the bark spectral distance per band (BSDB) are explained in 

section 3. Fourth section shows the abductive network concepts. The proposed evaluation
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system is introduced in section 5. Section 6 summarizes the numerical results. Validity 

of the evaluation system concept with conventionally-orinted parameters is presented in 

section 7 while section 8 contains the conclusions.

2.2 Speech Data

Testing and evaluation of the proposed approach is based on speech files database [14] 

which has two types of speech material, unfiltered (flat) and IRS filtered speech. The 

speech material consists of sentence pairs by 3 male and 3 female speakers (4 pairs per 

speaker). A total of 44 listeners participated in the test. Each group of 11 listeners would 

listen to all talkers, but only one of the 4 sentence pairs. The listening was done over 

headphones using playback over one ear. The listeners have normal hearing and non are 

experts in speech processing technology and they are given a small number of practice 

trials before the experiment starts.

For our objective measure technique, we use the source speech files and speech files (24 

* 24 files) that processed by 24 coders in development and testing our evaluation system. 

These coders cover a wide range of quality levels and a wide range of speech processing 

and transmission technologies. The results of the listening tests for a variety of bit rate 

coders, that used the IRS filtered speech, are listed in Table 2.2.1.
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Coder#
Bit-raie
Kb/s Remark

I

i
MOS 1

1 32 3.77
2 32 With silence coring 3.82 I
3 16 Floatingpoint 3.88 i
4 16 I0%fe. rate 227
5 16 10 % fe. rate 231 |
6 16 10 % fe. rate 279 j
7 16 3 % fe rate 226 j
8 16 3 % fe. rale 3.58
9 16 3.73 !
10 16 With silence cod 3.9 i
11 16 3.79 ;
12 16 3.82 I
13 13 3.63
14 8 3.56
15 8 3.33
16 7.95 3.49
17 6.8 Roadng point 3.4
18 6.8 Fixed point 3.47
19 6255.8 3.2 j
20 5.6 3.33 ;
21 4.8 3.03 j
22 2.4 27 j
23 2.4 273 i
24 

___ -

1-8 Float, variable rate 3.45 !

Table 2 .2.1 Results o f the subjective test.

2.3 Calculation of the Bark Spectral Distance per Band (BSDB)

2.3.1 Preprocessing

As a first step, the input and output records are aligned in time. The relative delays 

are determined by cross correlating the input and output speech envelops. To avoid 

system gain effects, the records are corrected to have equivalent average power in the 

speech periods. The speech frame of 10 ms is weighted by Hamming window and the 

consecutive frames overlapped by 50%. If in a given frame the signal was found to 

fall below a threshold power level, the contribution of that frame (silent period) to the
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average distortion was set to zero. By computing the magnitude square FFT spectrum, 

the frame’s power spectrum P(f) is calculated and followed by several stages.

2.3.2 Perceptual model

In this technique, we would like to emulate several known features of perceptual 

processing of speech sounds by the human ear to map the speech power spectrum, 

P(f), into auditory power spectrum, B(z), which is assumed to represent the information 

conveyed by the auditory nerve. A block diagram of the perceptual model is shown in 

Fig. 2.3.2.1.

B(z)H(z)

Bark
domain

Frequancy
domain

Intensity
loudness

conversion

Critical
band

analysis

Equal
loudness

preemphasis

Perceptual model 

Figure 2.3.2.1 Block diagram o f the perceptual model

2.3.2.1 Critical band analysis

The most important part of the ear is the tiny snail-shaped bony structure in the inner ear 

called the cochlea. Inside the cochlea is a highly sophisticated mechanism for converting 

the incoming pressure variations into the electrical signal of the auditory nerve [15]. 

Of particular interest is the function of the basilar membrane and the corresponding 

transduction process of the hair cells in the inner ear [16], [17]. This process causes 

hearing perception to be a function of the frequency of the sound, with frequency 

sensitivity depending on the position along the basilar membrane (the place theory) [18]. 

It is known that within some critical region of frequency, sound energies are interacting 

with one another. As we move outside the critical region, sound energies no longer

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



15

interact The critical region is called the critical band [15]. The procedure of converting 

Hz to Bark follows the established view of auditory perception in psychoacoustics, which 

holds that the frequency-to-place transformation along the basilar membrane of the inner 

ear is in terms of critical bands whose bandwidth is one Bark [19]. Thus as a first step, 

the power spectrum P(f) is warped along its frequency axis, f, into the bark frequency, 

z, to obtain what is called “critical-band density” [4], P(z), via the relation [20]:

where f  is the frequency in Hz. As hearing perception is directly related to the deformation 

of the basilar membrane, caused by different frequency components, it is not surprising 

that sound components at particular frequencies may reduce the perceptual effects of 

other sound components at neighboring frequencies. This effect is called masking [8]. 

Masking is thought to result from the spread of the input energy along the length of the 

basilar membrane [21]. The invariance of the shape of the masking characteristics with 

changes in masker frequency when plotted on a critical band rate scale (in Bark) [22] 

gives us another advantage of using the bark scale. The approximate power spectrum of 

the simulated critical-band masking curve \D(z), shown in Fig. 2.3.2.2, is given by [23]:

/  =  600 sink (z[ 6 ) (2.3.2.1)

r 0 f o r  z < —1.3 ,
1 0 2 .5(I + o.5) f o r  ~ 1 . 3 < Z <  - 0 .5  ,

#(z)= { 1 fan—  0.5 <  z <  0.5 , 

far. Q.5 <  z  <  2.5, 

fa r  z. >  2 .5

(2.3.2.2)
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Figure 132.3. Critical band masking curve

The application of the auditory filter to derive the neural excitation pattern, T(z), is 

accomplished by convolving the critical-band density, P(z), with the critical-band masking 

curve, tf(z). The excitation pattern primarily models the auditory nerve response to vowel 

sounds [19]. Smoothing speech spectrum of high dimensionality, such as yielded by FFT, 

by the critical-band masking curve ^(z) leads to a spectral of lower dimensionality. Thus 

the excitation pattern, T(z), is sampled in approximately 1-bark intervals. Typically, 17 

spectral samples of T(z) are used to cover the 0-15.575 bark (0-4 kHz) analysis bandwidth 

( with sample 1 equal to sample 2 and sample 16 equal to sample 17 [23]).

2.3.2.2 Equal-loudness preemphasis

In this stage, the threshold of hearing and the nonlinear frequency response of the ear 

to intensity differences are taken into account. This effect is calculated by multiplying 

the samples of the excitation pattern T[z(f)] by the simulated equal-loudness curve, E(f)
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17

(2.3.2.3)

The function E(f) is an approximation to the non-equal sensitivity of human hearing 

at different frequencies [24]and simulates the sensitivity of hearing at about the 40-dB 

level. According to [23], E(f) is given by:

2.3.2.3 Intensity-loudness power law

As a last stage, the samples of the auditory power spectrum B(z) is given by applying 

cubic-root amplitude compression of H(z) [22]:

This operation simulates the nonlinear relation between sound intensity and perceived 

loudness.

In summary, the perceptual model takes into account the human ear’s nonlinear trans­

formations of frequency and amplitude, together with important aspects of its frequency 

analysis and masking behavior in response to complex steady-state sounds.

Following Hermansky’s method [23], the convolution of P(z) with critical band 'J'(z) 

and the effect of the equal loudness curve are carried out for each sample of H(z) in 

the frequency domain with a precomputed weighting functions, covering the (0-4 kHz) 

spectrum, shown in Fig. 2.3.2.3. Referring to eq. 232.5, we get the samples of auditory 

spectrum , B(i).

(2.3.2.4)

B{z) =  [tf (2)]0” (2.3.2.5)
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0  0.5
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FREQUENCY [FFT SPECTRAL POINT]

100 120

Figure 2.3.23 The weighting functions used for computing samples 

of the auditory spectrum B(z) from the power spectrum P(f).

For telephony application, we used thirteen samples of the auditory spectrum, B(z), to 

cover the spectrum from 300-3400 Hz.

2.3.3 Bark Spectral Distance per Band (BSDB)

The auditory spectrum B(z) reflects the ear’s nonlinear transformations of frequency 

and amplitude, together with aspects of its frequency analysis and spectral integration 

properties in response to complex sounds [6]. For each band, i, the square Euclidean 

distance between the auditory spectrum of the input and the output is given by:

* •> {#(< ). -  B j(i)]2 (2.33.6)
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where Blx(i) and Bly(i) are the auditory spectrum samples of frame I of the input and 

output speech respectively. The bark spectral distance per band, BSDB (i) is given by:

BSDB(i) =

E E K(i)]2 
/=! *=1

(2.33.1)

where N is the number of frames in the utterance while b is the number of bands. Figure

2.3.3.4 illustrates the basic transformations used in obtaining BSDB (i).

x(t)

x(t) i
 !_
Hamming
window

FFTI
P(f)

Perceptual
model

Bfz)

C odec under te s t

Time window

C om pute spectral 
pow er density

C om pute bark 
spectrum

C om pute the  bark
spectral distance

p er band

y(t)

y(t)

Hamming
window

y(f)
w

FFTI
p (t)y V/

Perceptual
model

B/z)

Averaging

BSDB(i)

Figure 2 3 3 .4  Basic transformations used in obtaining BSDB(i).
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2.4 Abductive Network Concepts

Abductive reasoning is defined as the act or process of reasoning from principles to 

facts under uncertainty using numeric measure and functions [25], Because of the 

inherent uncertainty associated with abduction, analytic solutions are generally precluded 

and empirical methods such as induction must be employed. Abductory induction is a 

special class of inductive reasoning for synthesizing abductive principles (functions) from 

database of empirical observations [25]. An important class of abductive functions are 

abductive networks. An abductive network is a set of interconnected function nodes, 

information flows from the original input variables through the network to the output 

variables. Figure 2.4.5 shows an example of a five input, three layer abductive network.

Normalize First Layer Second Layer Third Layer

Input A

input B 

Input C 

Input O

Input E .

Single — <

j
T

Double

Unitizer

" 3  Triple
Output

~n3 ~ i
Double

Figure 2.4.5 Example five input, three layer abductive network.

The functional element coefficients, number of network elements, types of network 

elements, and the connectivity are learned from the data. There are seven type of nodes 

or elements [26].
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The algebraic form of each element is shown in the equations below where wn are the 

weighting coefficients and xn are the input variables.

1. Singles: w q  +  w\x\  +  woxf +  w%x\

2. Doubles: wq +  w\X\ +  W0 X2  +  w^xj +  w^x* +  W5 X1 X2  +  wqx^ 4- w~x\

3. Triples: wo 4- w\xi  -f- woxo 4- ̂ 3x3 4- w±x\ 4- w$x\ 4- wqx^ 4- wjxixo 4- wgxix^ -f 

W9 X2 X3  4- >̂10x 1x2x3 4- tunx^ 4- wioxft 4- W13X3

Singles, doubles, and triples are elements whose names are based on the number of input 

variables.

4. Normalizers: w q  +  -tz;ixi

Normalizers transform all of the original input variables into a relatively common region 

with a mean of zero and a variance of one.

5. Unitizers: wo +  w\X\

A unitizer converts the range of the network outputs to a range with the mean and variance 

of the output values used to train the network.

6. White elements: u-’ix i 4  woxo + .........4  wnxn

The white element consists of the linear weighted sums of all the outputs of the previous 

layer.

7. Wire elements: The wire element is used for a network that consists only of a 

normalizer and a unitizer.

Research based on the paradigm of neural networks has led to self-organizing and adaptive 

methods in modeling and classification algorithms [27]. One very effective algorithm for 

inductively creating networks is called the Abductory induction mechanism (AIM) [25]. 

The AIM has been developed drawing from almost three decades of neural network
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and algebraic modeling research by many authors [28, 29]. it is a supervised inductive 

learning tool that uses non-parametric regression to generate complex decision, prediction, 

and control models. The algorithm makes few a-priori assumptions about the structure 

of the process it is modeling, it first attempts to create standard 1-3 variable polynomial 

equations (called elements) using combinations of the original input variables. Then it 

looks for ways to combine the resulting nodes with each other and/or other original input 

variables to create new, higher order nodes. This network synthesis process continues, 

building the network layer by layer, until no additional process can be made. Of all the 

nodes that were created during synthesis, the node which represents the “best” model is 

selected as the final output node. All nodes that are not along the path from the output 

node to the original input variables are discarded, leaving the final connected network. 

Throughout the synthesis process, the algorithm makes value judgements concerning 

which nodes are well suited for modeling and which are less attractive by using an 

advanced statistical modeling criterion. The modeling criterion used within the abductive 

network is the predicted squared error (PSE) criterion derived by A. R. Barron [30]. The 

PSE is a heuristic measure of the expected network squared error for independent data 

not in the training database. In AIM, the PSE is given:

P SE  =  FSE +  K P  (2.4.8)

where FSE is the fitting squared error of the model on the training data and KP is a 

complexity penalty. Figure 2.4.6 shows the relationship between the FSE, PSE, and KP, 

the Complexity Penalty, which given by [30, 31]:

K P  =  C PM  * ^  s2p (2.4.9)
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where K, Ni, and s“ are determined by the database of examples used to synthesize 

the network and K is the total number of coefficients, Ni is the number of training 

data, Sp is an a-priori estimate of the true unknown model error variance, and CPM, 

the Complexity Penalty Multiplier, is a chosen numerical value. Experience has verified 

that the choice of s" =  Oq /  2 gives acceptable results [30] where a$ is the variance of 

the output values used in training the network. A higher value for the CPM increases 

the impact of the complexity penalty term, which will result in a less complex network, 

while a lower value for the CPM decreases the complexity penalty impact and results 

in a more complex network.

Optimum PSE

PSE
a.
+inco

Li.II111
COa.

KP
FSE

Model Complexity

Figure 2.4.6 The Predicted Squared Error.

The algorithm introduces the proper network structure and coefficients by minimizing 

PSE criterion that attempts to select as accurate a network model as possible without 

overfitting the data. Overfitting occurs when the network model becomes so specific to
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the training data that it does a poor job of modeling new data. The technique minimizes 

overfit by performing a trade-off between model complexity and accuracy, based on the 

assumption that simpler models are more general and superior for as yet unseen data (i.e. 

data not used for training) [19].

2.4.1 Comparisons to neural networks

Neural networks are a powerful technology, based on analogies to biological neurons, 

for learning relationships from databases of examples. The ability of abductive networks 

to model and solve complex problems is not because of the massive parallelism or the 

similarity of network nodes to neurons. The power of abductive networks is derived from 

the fundamental concepts that functions are a powerful knowledge representation and 

that networks subdivide complex problems into many simpler ones, greatly simplifying 

machine learning. These facts result in a practical means for computers to deal with 

uncertainty, learn from examples, and handle extremely complex relationships in a 

compact and rapidly executable form [25]. This networking concept is directly related to 

the concept of “chunking” proposed by George Miller [32]. Miller observed that humans 

are only able to handle seven, plus or minus two, item effectively at any one time. As 

Miller explains, the way people get around this processing constraint is to chunk, or 

group together, a number of elements and treat the group as a unit. Although abductive 

networks evolved from neural network research, it has become substantially different than 

neural network. A key difference is that abductive networks have fewer, more powerful 

nodes than neural networks. Abductive network also differs from neural network tools 

because it uses advanced statistical methods and applies a modeling criterion to select the 

network structure. However, there are several types of problems where neural network
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methods are more applicable than abductive network. For example, abductive network 

only performs supervised learning where the input and outputs are known. In cases where 

the classes are not known, unsupervised neural network techniques are more appropriate.

2.4.2 Comparisons to statistical regression

Regression is the process of finding a mathematical function that best represents the 

relationships among input (independent) and output (dependent) variables in a database. 

Most regression techniques are parametric; they require the user to specify the functional 

form of the solution. A basic form of parametric regression is linear regression. This type 

of regression generally results in inaccurate models unless one knows or happens to guess 

the correct underlying form of the relationships. Often designers spend significant time 

experimenting with different functional relationships and regression algorithms to obtain 

acceptable models. If no assumptions about the type of function or variable distributions 

are used, the regression is non-parametric. The abductive network synthesis process can 

be classified as a form of non-parametric regression since it discovers the best network 

architecture for a given database of examples [31].

2.5 Evaluation System

Our evaluation system first undergoes a training phase which selects connectivity and 

adjusts the summation weighting functions that used to map the BSDB into the pre­

dicted MOS. The output speech sentences that processed by high performance coder 

(MOS=3.79) and a low performance coder (MOS=2.27) with the input speech sentences 

are used to prepare the learning data. The learning data base set contains 48 BSDB 

vectors, each of 13 elements (cover a spectrum from 300 to 3400 Hz that used in tele­

phony), with their desired speech quality scores, each of 11 elements that match the
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output layer’s size. During the learning phase of our evaluation system, the actual output 

speech quality scores is compared to the desired scores and the errors between the actual 

and desired scores are then used to determine the best network structure, element types, 

coefficients, and connectivity that minimize the predicted square error (PSE) at certain 

value of the complexity penalty multiplier (CPM). This process is repeated using different 

values of CPM, varies between 0.35 to 0.6 in step of 0.5. At the end of learning phase, 

we have some evaluation systems, each achieved mapping of BSDB into the predicted 

speech quality scores. We tested all of these systems to predict the average MOS of two 

other coders (high performance coder with MOS=3.73 and low performance coder with 

MOS=2.26), to choose only one evaluation system that gave the lowest prediction error. 

Figure 2.5.7and 2.5.8 depict the production phase of our sub-evaluation system in which 

four impairments were used to create it while Fig. 2.5.9 shows the predicted MOS error 

versus CPM for the evaluation systems of Fig.2.5.8. To produce only one evaluation 

system, eliminate the dependency of our evaluation system on the training coders speech 

sentences, and make sure that we extract the perceptual features from the training speech 

sentences, we produce three other sub-evaluation systems that used a pair of coder (high 

and low ratings) for training and other pair for choosing the best sub-evaluation systems. 

As a result, our evaluation system composed of four sub-evaluation systems and the pre­

dicted ratings will be the average output of each sub-evaluation system. Figure 2.5.10 

illustrates the abductive network structure for one of the sub-evaluation system where bj 

is bark spectral distance for the band i.
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Figure 2.5.7 Learning phase for one o f the sub-evaluation system.
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Figure 2.5.8 Selection one of the sub-evaluation system.
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Figure 2.5.9 Predicted MOS error versus CPM  for the evaluation system o f Fig. 2.5.8.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



29

b2
b9

PM

b7
■I N h Tnplt

b12

Ooopf t—p-4 Tnpli

b9

b1 
b4 

b 1 1 
b6

b2
b6
b9

T rip le  rT  rlple r i
j  n  f

a>
b3
b6

T r ip le  j—[—( QoupfrM T rlo l.
b9

IM

b l 3
rvjb4

b6
b8

T rip le  |-b4
b6

T rip le

bl3
010

T rlp l.IM

IM

IM

011
b2 IM

blO
b 1 l
b5
b8

Figure 2_5.io The abductive network structure o f the sub-evaluation 

system. The symbol b; is the bark spectral distance per band i.
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2.6 Numerical Results

In this section, we demonstrate the validity of the proposed evaluation system by 

comparing the average predicted MOS obtained from our technique to those obtained 

from the subjective test The symbol r, that will appear in the following figures, is the 

correlation coefficient between the actual and predicted MOS values while the symbol 

s is the standard deviation of the prediction error. For Fig. 2.6.11-2.6.13, we used the 

speech files that processed by four coders, in training our evaluation system. Then we use 

it to predict the performance of the other coders. The actual MOS and the predicted one 

for mixed speakers is illustrated in Fig. 2.6.11 while MOS ratings, based on female/male 

speakers, are shown in Fig. 2.6.12/Fig. 2.6.13.

r = 0.9645« r Actual MOS 
0  Predicted MOS4.5

a = 0.0842

3.5

2.5

1.5

16 2012 181410  
C o d a r#

Figure 2 .6.11 Actual and predicted MOS values for mixed speakers.
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It is clear that our evaluation system is robust in evaluating the MOS ratings. For example, 

the actual MOS for coders #16 (bit rate = 7.95 Kbps), coder #21 (bit rate = 4.8 Kbps), 

and coder #5 (bit rate = 16 Kbps) are 3.49, 3.03, and 2.31 respectively and the predicted 

MOS for them are 3.465, 3.058, and 2.4 respectively.

To ensure that our technique is reliable, we prepared another evaluation system using the 

speech files that processed by different combination of four coders ( two high performance 

coders, two low performance coders). The results of using the new evaluation system in 

predicting the MOS ratings are depicted in Fig.2.6.14-2.6.16.

5

*  Actual MOS 

4 . 5  - O Predicted MOS
r = 0.9665 
a = 0.0976

4 -

o o o o

2.5 o o

2

1.5

2 4 6 8  10 12 14 16 18 20
Coder*

Figure 2.6.14 Actual and predicted MOS values for mixed speakers.
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Figure 2.6.15 Actual and predicted MOS values for female speakers.
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Figure 2.6.16 Actual and predicted MOS values for m ale speakers.
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From Fig. 2.6.14, the predicted MOS value for the coder #16, coder #21, and coder #5 

are 3.38, 2.988, and 2.35 respectively. This results explains that our technique is reliable 

in evaluating the coders’ performance.

The study of the figures shows that:

• Our technique successfully predicts speech quality that are highly correlated to human 

responses across a wide range of quality levels and coding algorithms,

• Our technique performs best for mixed speakers followed, with a fair judgement, by 

female or male speakers,

After performing extensive experimentations, Table 2.6.2 illustrates some results that 

show:

• Sensitivity of the prediction performance of the proposed evaluation system to the 

preprocessing operations of the speech database (conditions 1-3),

• Using back-propagation neural network , instead of the abductive network in predicting 

the speech quality (condition 4),

• Sensitivity of the evaluation system performance to the training data set’s length 

(condition 5).
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# Conditions r s

1
Wiftoot ramming dent period, and 
without applying average 
equivalent power process 
between i/p and o/p speech records.

0.9237 0.1088

2
Removing silent period, and 
without applying average 
equivalent power process 
between 7p and o/p speech records.

0.8947 01567

3

Removing sient period, and 
applying average equivalent 
power process between 

i/p and o/p speech records.

0.9452 0.0789

4
Applying condiion #3 and using 

back-propagation neual network.
0.718 0.2166

5

Applying condtkn 3 and using 

96 BSDB vectors .instead ot 48, 
for training the abductive network.

0.9131
i

0.138 |
1
1

Table 2.6.2 Sensitivity o f the prediction performance to the 

preprocessing operations, training set, and neural networks.

2.7 Validity of the evaluation system concept 
with conventionally-oriented parameters

In this section, we use the speech records that have a flat response from 0 to 4 kHz. 

Therefore, we have 17 critical band filters. Following the previous concepts (section II) 

we will use the average signal-to-distortion ratio (SDR), instead of BSDB, to introduce 

an evaluation system that map the classical-oriented parameters (SDR ) into estimated 

MOS. According to [33], the signal-to-distortion ratio (SDR), denoted QS(i) is given by:

E I x { f j )  |
QS(i) =  10/osio--------------------    (2.7.10)

I E I M f j )  1 - E I Y ( f j )  11
j€ 6 ; j<=b.
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Where j ranges over all frequencies specified for the i-th band, fy, X(f) and Y(f) are 

discrete Fourier transforms of a given input and output speech frame. The average SDR 

is the average of QS(i) over all frames. Calculating the critical frequency bands bj that 

used in eq. 2.7.10 has been done by two methods:

2.7.1 Method 1

Following the same procedure of section I with cancelling the effect of equal loudness 

and intensity compression process, the weighting functions (that preserve the perceptual 

effect, Fig. 2.3.2.3 are converted to the critical band filters that shown in Fig. 2.7.1.17.

Sampling Frequency = 8 KHz

u.

tu
tu

20 40 60 100 120 128
FREQUENCY [FFT SPECTRAL POINT]

Figure 2.7.1.17 Critical band filters used in calculation the average signal-to-distortion ratio.
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2.7.2 Method 2

In this method, we would like to examine our evaluation system when we use SDR that 

are calculated by a very simple preprocessing operations. In this case, we use 5 ms 

non-overlapping frames, no hamming window, and we divide the spectrum (0-4 kHz) 

into 18 flat critical bands using the same critical filters’ band widths that appeared in [34] 

and listed in Table2.7.2.3.

Band From To 3andwidth

1 0 1 0 0 1 0 0

2 1 0 0 2 0 0 1 0 0

3 2 0 0 300 1 0 0

4 300 400 1 0 0

5 400 510 1 1 0

6 510 630 1 2 0

7 630 770 140
8 770 920 150
9 920 1080 160
1 0 1080 1270 190
1 1 1270 1480 2 1 0

1 2 1480 1720 240
13 1720 2 0 0 0 280
14 2 0 0 0 2320 320
15 2320 2700 380
16 2700 3150 450
17 3150 3700 550
18

!

3700 4400 700

Table 2.7Z.3 Filters’ bandwidths.

Table 2.7.2.4 compares the results, for only 8 different coders, using BSDB (17 samples 

that cover 0-4 kHz spectrum) and the average signal-to-distortion ratio derived from the 

previous two methods.
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Coder#
Bit-rat*

Mtuaf

MOS

PradidadMOS

Kb/t
Remark

BSOB
Average
SCR

Matted 1

Average 
SDR 

Matted 2

i 32 3.66 3.686 267 3.1464

2 32 With Mane* coding 3.73 3.685 2716 3.056

6 16
io% (*m * 2 M 2.82 2092 2116

7 16
3%  I* rat*

265 2.827 3.06 2973

10 16 *Rt *l*no* caSng 2 7 3.59 2700 27499

11 13 276 3.72 2176 2624

13 13 flnd point 296 3.27 366 369

21 4.8 floating point 3.06 2 .9 2 264 295

Table 2 .12A  Actual and predicted MOS values for different objective evaluation techniques

It is clear that the evaluation system that used the perceptually parameters is much reliable 

than the other, especially in predicting the performance of the coders that have bit rate 

different than that used in the training phase. We may say that the evaluation system in 

this case learned the perceptual aspects of the speech distortion that are not change too 

much with bit rate variation. But, the evaluation system that used the classical parameters 

(SDR) predict well the performance of coders that have the same bit rate of the training 

phase. In this case, the system learned the electrical aspects of the speech distortion that 

doesn’t change too much for the same bit rate coders.

The above results indicate that the evaluation system performs best with the perceptually 

oriented parameters.
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2.8 Conclusion

In this chapter, we introduced a perceptually-oriented objective measure technique in 

which we use the abductive networks, that evolved from neural network, statistical 

modeling, and artificial intelligence concepts to map the bark spectral distortion per band 

(BSDB) into estimated speech quality. The results indicate that our proposed technique 

is reliable and robust in evaluating the coded speech quality and it is highly correlated 

to human responses across a wide range of quality levels and for a wide range of speech 

coding techniques.
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Chapter 3 USING RADIAL BASIS 
FUNCTION NEURAL NETWORK IN 

PREDICTING THE SPEECH QUALITY

3.1 Overview

The purpose of this chapter is to provide another perceptually-oriented objective measure 

technique that is highly correlated to human responses across a wide range of quality 

levels and for a wide range of speech processing, transmission, and transport technologies 

[13]. In this chapter, we introduce our objective measure technique that:

• Emulates several known features of perceptual processing of speech sounds by human 

ear (including critical-band masking, equal loudness, and the intensity-loudness power 

law operations) to map the speech power spectrum into auditory power spectrum (bark 

domain),

• Derives the perceptual LPC coefficients from the auditory spectrum that used to 

calculate, for each frame, the cepstrum distance between the input and the output coded 

speech signals,

• Uses the radial basis functions neural network to map the perceptual cepstrum distance 

per frame into the corresponding estimated speech quality.

Parameters derived from speech materials of ten different coders are used in the training 

phase of the proposed neural network. Validation of our technique is proved by using 

the trained neural network in estimating the performance of other sixteen different 

speech coders. The results indicate that our proposed technique is reliable and robust 

in evaluating the coded speech quality. A major achievement of our objective measure
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technique is the realization of a speech evaluation method that is technology independent 

( independent of coding algorithm and communication technology).

The rest of this chapter is organized as follows: section 2 introduces the calculation details 

of the perceptual cepstrum distance per frame. Third section shows the radial function 

neural network concepts. The proposed evaluation system is illustrated in section 4. 

Section 5 summarizes the numerical results while conclusions and the further work are 

introduced in section 6.

3.2 Calculation of the Perceptual 
Cepstrum Distance per Frame (PCDF)

3.2.1 Preprocessing

As a first step, the input and output records are aligned in time. The relative delays are 

determined by cross correlating the input and output speech envelops. To avoid system 

gain effects, the records are corrected to have equivalent average power. The speech 

frame is weighted by Hamming window and the consecutive frames overlapped by 50 

%. By computing the magnitude square FFT spectrum, the frame’s power spectrum 

P(f) is calculated and followed by some speech processing operations similar to speech 

processing that performed chapter 2. These operations are summarized as follows:

• Compute the FF1-based sample spectrum,

• Warp the frequency axis into a Bark frequency scale,

• Apply a critical-band masking curve, i.e., convolve the Bark spectrum with a critical- 

band filter and sample at 1-Bark intervals,

• Weight the samples for equal loudness to adjust for the ear’s frequency dependent 

loudness sensitivity,
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• Apply 1/3 power law to simulate the non-linear relation between sound intensity and 

perceived loudness.

After performing the above operations, we obtained thirteen samples of the auditory 

spectrum, B(i), that covers the telephony spectrum (300-3400 Hz). Then, we applied 

some speech signal operations on B(i) as described in the following section.

3.2.2 Perceptual Cepstrum Distance per Frame (PCDF)

In this step, the inverse DFT is applied to B(i) to yield the autocorrelation function,

rij(rj)  , dual to B(i). The perceptual LPC coefficients, a,-, are obtained by solving the
v

Yule-Waker equation, ̂  a , r, y =  rj , with p is the order of LPC analysis ( we use
»=i

p=8, 10 , and 12). As a final operation, the perceptual cepstral coefficient,^,, can be 

computed recursively from the perceptual LPC coefficients, a ,, by [35]:

n —1
Cji —=  - a „  -  Y ,

n — i

»'=  i
n C-n—i n > 1 (3.2.2.1)

Where a,- =  0 when i > p. For each frame, I, the perceptual cepstrum distance per frame 

(PCDF) is defined as [7]:

PCDF(l) =  10
loge 10 ^ 2 £  fcr (i) -  cy (i)}2 (3.2.2.2)

*=i

Wherecx (i) and cy (i ) are the i-th cepstral coefficients of the input and the output coded 

speech signals. Figure 3.2.2.1 illustrates the basic transformations used in obtaining the 

perceptual cepstrum distance per frame PCDF(l).
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YTOx(t)

y(t)x(l)

Hamming
window

Time window

y(0

Compute spectral 
power density

P(0
Compute bark 

spectrum Perceptual

Compute the 
correlation functions IDFT

LPC j 
| Analysis I

Cepstrum 1 
calculation j

Cepstrum 1 
calculation :

Com pute the 
cepstra l d istance 

per frame______

FFT!

Perceptual
model

Hamming

LPC
Analysis

IDFT

Codec under test

I
* PCDF(I)

Figure 332.1  Basic transformations used in obtaining PCDF(Z).

3.3 Radial Basis Function Neural Network Concepts

3.3.1 Background

The radial basis function network (RBFN) offers a viable alternative to the two-layer 

neural network in many applications of signal processing [36]. Like networks with 

sigmoidal nonlinearities, RJBFN’s can have the capability to represent arbitrary functions 

[37], but RBFN’s can be trained more rapidly [38]. The RBFN consists of three layers 

(input, hidden, and output) of nodes with successive layers exhaustively interconnected 

by feedforward arcs [39]. The input data vector is presented via the input layer which 

fans out the input data without making calculations. The data flows along the connections 

toward the hidden layer that performs a nonlinear transformation and maps the input space
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into a new space. The output layer then implements a linear combiner on this new space 

to produce the output vector. The transfer functions of the hidden nodes are given by [39]:

Where is the output unit h in the hidden layer, of size H,  given the input x, rrih is 

the position of the center (weight) of the radial unit in the input space , and <xj, is the 

unit width. Each RBF unit has a significant activation over a specific region determined 

by m/j and

3.32  Network simulation

RBF neural networks were simulated using Matlab software package[40]. During the 

learning phase of RBF network, number of the hidden neurons is created one a time. At 

each iteration, the input vector which will result in lowering the network error, the most, 

is used to create the neuron’s weight (center) vector. The neuron’s bias is adjusted by 

choosing a suitable value of a spread constant, sc. This constant determines how wide 

the radial basis functions are. The weights and biases of the output layer are calculated 

by linear least square method in which the sum-squared error between the desired and 

the actual output is minimized. The error of the network is checked, and if low enough 

the design steps are finished. Otherwise the next neuron is added. This procedure is 

repeated until the error goal is met, or the maximum number of neurons is reached. For 

our technique, the network has 238 neurons in the hidden layer and 11 neurons in the 

output layer. The only real design decision for the radial basis networks (besides picking 

an error goal) is finding a good value for the spread constant. It is important that the 

radial functions of the hidden layer overlap so as to allow good generalization. However,

h =  1.....  H (3.3.1.3)
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the radial basis functions should not be so spread out such that the radial basis neurons 

return outputs near 1 for all the input vectors used in design [40].

3.4 Evaluation System

3.4.1 Preparing the learning data set

The speech material consists of sentence pairs with approximately 0.4 sec (3200 samples) 

silent period at the beginning of each sentence. Figure 3.4.1.2 shows one of our speech 

file record. In our technique, we eliminate the effect of the silent period at the beginning 

of each sentence by dividing the speech record into two parts. Each part has one sentence 

denoted by S 1 and S2. Then we remove most of the silent period at the beginning of 

each sentence as described in Fig. 3.4.1.3 illustrate that concept. In our algorithm, the 

total evaluation system has two sub-evaluation systems, each assigned for one sentence, 

and the estimated speech quality score is the average of these sub-evaluation scores.

x 10*

S2

0.5

-0.5

-1.5

Long silent period 
not useful in the analysis

-2.5

0.5 3.52.5 4.5
x 10*

Figure 3.4.1.2 O ne o f our speech files. SI and S2 are 

denoted to  the first and the second sentences respectively
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X 1 0 *
1.5

0.5

-0.5

-1.5

-2

-25

0.2 0.4 0.6 0.8
X10*

(a )

X10*

1.5
S2

0.5

-0.5

-1.5 •

0.2 0.4 0.6 0.8 1.4

X 10*

(b)

Figure 3.4.13 Removing the silent period at the beginning 

o f the two sentences: (a) sentence one, (b) sentence two.
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To have a constant feeding input to the Neural Network, we divide each sentence into 

fixed number of frames. Typically we use 211 overlapping frames with their sizes in 

the range of 20 to 30 msec. We believe that dividing the sentence into fixed number 

of frames with different size and then approximate that frame by all-pole model, with 

a suitable order, is more accurate than using the time warping technique that modifies 

the time shape of the speech signal.

The output speech sentence (SI and S2) that processed by 10 different coders with the 

input speech sentence (SI and S2) are used to prepare the learning data for the two 

sub-evaluation systems. The learning data set contains 240 vectors (24 speech files for 

each coder) each vector has 211 elements (PCDF). Associated with the input vectors their 

desired speech quality scores, each of 11 elements that match the output layer’s size. It 

is obvious that increasing number of frames will increase the dimension of each input 

vector and then we will need more coders to prepare the learning data and increase the 

learning time. In the other hand, decreasing the number of frames will increase the frame 

size and that yields to decrease the result accuracy.

3.4.2 Neural network’s learning phase

During the learning phase of our evaluation systems, the actual output quality scores is 

compared to the desired scores and the errors between the actual and desired scores are 

then used to determine the best network coefficients that minimize the predicted square 

error (PSE) for certain value of spread constant, sc. The learning procedures is repeated 

for different values of sc. Figure 3.4.2.4 shows the PSE during one of the learning phase 

while Fig. 3.4.2.5 depicts the production phase of the sub-evaluation system.
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Sun-SquvM  Nefwoifc Enor l a  238 Epochs

Target error during the leamning

a ta'
9 of neurons in me input layer = 240 
9 of neurons In hidden layers = 238 
•  of neurons In the output layer = 11 Final PSE

too 200

Figure 3 .4 .2 . 4  Predicted square error for the learning phase o f  the radial basis functions neural network.

Speech quality scores

\
(240 * 21 f ) PCDF Radial basis

functions NN

Error

Adjust the NN parameters j 

Figure 3 .4 .2 _5 Learning phase for one of the sub-evaluation system.

3.4.3 Neural Network’s test phase

At the end of the learning phase, we have some evaluation system, each achieved mapping 

of PCDF into the predicted speech quality scores. We tested all of these systems to predict 

the average MOS of other 16 coders. We chose the one that gave the most accurate 

result for the two sub-evaluation systems. So our evaluation system consists of the best 

sub-evaluation systems. This evaluation system can be used to predict the performance 

of speech communication systems including speech coders and mobile communication 

systems.
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3.5 Numerical Results

In this section (with using the order of the perceptual LPC analysis, p, equals to 10) we 

demonstrate the validity of the proposed evaluation system by comparing the average 

predicted MOS obtained from our technique to those obtained from the subjective test. 

The symbol r, that will appear in the following figures, is the correlation coefficient 

between the actual and predicted MOS values while the symbol s is the standard deviation 

of the prediction error. For Fig. 3.5.6-3.5.10, we used the speech files that processed 

by ten coders (Group 1) in training our evaluation system. Then we use it to predict the 

performance of the sixteen other coders. The actual MOS and the predicted one, based 

on the mixed speakers, is illustrated in Fig. 3.5.6 and Fig. 3.5.7 for the first and the 

second sub-evaluation system respectively.

5 1 i-------------- 1--------------1--------------s------------- 1--------------1--------------

•Actual MOS n= 0.941
4  5  ' o Predicted MOS s=0.12

4 -
:i 8 ■ °> *

3.5 - *  *  *  *  .
° o o * *

8  3 -  °  °  0 o 8  8
a oX

2.5 ■
11

Sub-evaluation system 1
2 - Mixed speakers

1.5 •

p  '--------------1--------------1--------------1--------------1--------------1--------------1----------
2 4 6 8 10 12 14 16

Coder#

Figure 3.5.6 Actual and predicted MOS values for sub-evaluation system 1.

----- 1----------- 1----------- 1----------- 1--------
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•  oX
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Figure 3.5.7 Actual and predicted MOS values for sub-evaluation system 2.

As we mentioned, the net result of our technique is the average score of the two sub­

evaluation systems. Fig 3.5.8 compares the actual and the predicted MOS based, on the 

mixed speakers, while Fig. 3.5.9/Fig. 3.5.10 illustrate the results based on female/male 

speakers respectively.

* Actual MOS r= 0.9521
o Predicted MOS s= 0.101

£

Sub-evaluation system 2 
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ft o
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o Predicted MOS 8=0.1086
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2.5-
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C oder#

Figure 3.5.8 Actual and predicted MOS values based on mixed speakers for the total evaluation system.
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Figure 3-5.9 Actual and predicted MOS values based on female speakers for the total evaluation system.
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Figure 3.5.10 Actual and predicted M OS values based on male speakers for the total evaluation system.

Figure 3.5.8 shows that our evaluation system is robust in evaluating the MOS score. 

For example, the actual MOS for coders "g728rl4" and "g728v" (both has a bit rate of 

16 kbps) is 3.82 while the predicted MOS for them are 3.704 and 3.8 respectively. In the 

other hand, the maximum predicting error of approximately 0.33 in rating the MOS score 

of the two coders "drod" and ’cplus68" ( both has a bit rate of 6.25 kbps). To ensure 

that our technique is reliable , we prepared another evaluation system using the speech 

files that processed by different mixed coders (Group 2). The results of using the new 

sub-evaluation systems in predicting the MOS ratings are depicted in Fig. 3.5.11-3.5.12. 

Figure 3.5.11 depicts the evaluation performance for the first sub-evaluation performance 

while Fig. 3.5.12 introduces the result for the second sub-evaluation system.
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Figure 3.5.11 Actual and predicted MOS values for sub-evaluation system I.
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Figure 35.12 Actual and predicted MOS values for sub-evaluation system 2.

Figures 3.5.13-3.5.15 introduce the net result of the predicting performance of the new 

evaluation system based on the mixed, female, and male speakers respectively.
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Figure 35 .13  Actual and predicted MOS values based on mixed speakers for the total evaluation system.
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Figure 3.5.14 Actual and predicted MOS values based on female speakers for the total evaluation system.
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Figure 3.5.15 Actual and predicted MOS values based on male speakers for the total evaluation system.

From Fig.3.5.13, we note that choosing another learning data set yielded to decrease 

the maximum predicting error to approximately 0.27 instead of 0.33 as mentioned in 

Fig. 3.5.8. The predicting performance of the proposed technique can be improved by 

choosing appropriate learning data set. We repeat our algorithm using different values of 

p (order of the perceptual LPC analysis). Table 3.5.1 introduces the predicting accuracy 

result and it is clear that p=10 gives better estimating performance than the other two 

values.

Order of the perceptual 
LPC analysis, p

Correlation 
ooeffecient, r

Standard deviation 
of the predicting error, s

8 0.89 0.21
10 0.9583 0.0721
12 0.9 0.157

Table 3.5.1 Effect of the order of the LPC analysis in the predicting performance.
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The study of the figures shows that:

• Our technique successfully predicts speech quality that are highly correlated to human 

responses across a wide range of quality levels and coding algorithms,

• Our technique performs best for mixed speakers followed, with a fair judgement, by 

female or male speakers,

• Predicting performance of sub-evaluation system 2 is better than of the first sub­

evaluation system. This indicates that the MOS score of the second sentence has a 

stronger effect on evaluating the whole speech record than that of the first sentence has,

• The predicting performance of the proposed technique can be improved by choosing 

appropriate learning data set.

3.6 Conclusion

In this chapter, we introduced a perceptually-oriented objective measure technique in 

which we use the radial basis function neural network to map the perceptual cepstrum 

distance per frame (PCDF) into estimated speech quality. The results indicate that our 

proposed technique is reliable and robust in evaluating the coded speech quality and it 

is highly correlated to human responses across a wide range of quality levels and for a 

wide range of speech coding techniques. As a further work we are trying to evaluate a 

new algorithm in which we extract some features from the output coded speech signals, 

without referring to the input speech signal. And using the radial basis function neural 

network to estimate the speech quality.
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Chapter 4 DEGRADATION EFFECT 
OF CELL LOSS ON SPEECH 

QUALITY OVER ATM NETWORK

4.1 Overview

Broadband Integrated Service Digital Network (B-ISDN) will transport diverse classes 

of traffic such as data, voice, image, and video. ATM (Asynchronous Transfer Mode) 

is being standardized as the transport mechanism to integrate such services in a single 

network [41]. These services are likely to have a wide range of traffic characteristics, 

performance, and quality of service (QOS) requirements [42 ]. ATM poses some problems 

when applied to transmission of real-time sources such as speech [43]. Among the central 

problems in the support of real-time applications (voice, video) with ATM networks 

are the existence of delay jitter [44] and cell loss. Designers of speech coders and 

networks need to work separately and together to heighten our understanding of QOS as 

perceived by the user [1]. The need for a pre-connection quality of service for statistically 

multiplexed connections must be assessed [42].

In this chapter, our objective is to understand the impact of cell loss on the speech 

quality over ATM networks. Understanding of that impact is important for the proper 

design of network algorithms such as routing, flow control, and management techniques. 

The management techniques achieve the objective of maintaining the QOS of the ATM 

layer by managing the number of connections that are accepted and assigning prioritizing 

to control the jitter and cell loss tolerances. In emerging technology, the user expects 

a minimum guaranteed value of QOS regardless of traffic intensity, service variety, or 

network imperfections [45]. A careful definition of the user requirements would also
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greatly assist in the design of future telecommunication systems, services [1], and audio 

applications [46].

The objective measure technique that introduced in chapter 2 is used to study the 

degradation effect of the transmission of speech over ATM networks. The validity of that 

measure technique has been checked, as seen in chapter 2, and has been found that it is 

highly correlated to human responses across a wide range of quality levels and for a wide 

range of speech processing, transmission, and transport technologies. In that algorithm, 

as illustrated in chapter 2, we emulate several known features of perceptual processing 

of speech sounds by human ear (including critical-band masking, equal loudness, and 

the intensity-loudness power law operations) to map the speech power spectrum into 

auditory power spectrum (bark domain). Then, we use the auditory power spectrum 

in calculating the bark spectral distance per band (BSDB) between the input and the 

output speech signals. Finally, we use the abductive networks, that evolved from neural 

network, statistical modeling, and artificial intelligence concepts, to estimate the speech 

quality from the BSDB.

In the following section, section 2, we study the impact of cell loss on the speech 

quality over ATM networks. Moreover, we compare the results between two replacement 

techniques: stuffing silent samples and inserting the previous information in the lost cell. 

In section 3, conclusion is presented.

4.2 Impact of Cell Loss on Speech Quality

Each cell generated by a source is routed to the destination via a sequence of intermediate 

nodes. Cells may be rejected at the intermediate nodes because of buffer overflow or the 

delay of that cell goes behind a pre-define upper delay limit, used in reconstruction of
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the speech cells. When a cell is lost, the receiver coder needs to deal with the resulting 

discontinuity in the output signal in some way. Stuffing zero samples in the lost slot or 

replacing the information from a previous unlost slot are two simple possibilities [47].

For certain loss-rate distribution (uniform, binomial, and Poisson), and speech signal, we 

define the number of the losing cells and replace these cells either by a silent samples or 

by the samples of the previous cell. We use the abductive network to predict the speech 

quality of speech files (24 files) for certain bit-rate (coder algorithm) by feeding the 

trained abductive network with the BSDB between the corrupted output speech (output 

of ATM network) and the input speech signal (input of ATM network).

4.2.1 Numerical result

In this section, we illustrate the impact of cell loss-rate (up to 10%) on the speech 

quality over ATM networks. Moreover, we compare the results between two replacement 

techniques: stuffing silent samples and inserting the previous information in the lost cell.

In this section, we illustrate the impact of cell loss-rate (up to 10%) on the speech 

quality over ATM networks. Moreover, we compare the results between two replacement 

techniques: stuffing silent samples and inserting the previous information in the lost cell.

4.2.1.1 Replacement of the lost cell by silent samples

Figures 4.2.1.1—4.2.1.3 show the relation between speech quality and cell loss for speech 

bit rate of 128, 32, 16, 13, and 8 kbps for different cell loss distribution: uniform, 

binomial, and Poisson. These figures depict how the predicted MOS scores (obtained 

from the corresponding BSDB values) vary with cell loss rate when the lost cell was 

replaced by silent samples.
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Figure 4.2.1.l Predicted MOS versus cell loss: Uniform distributioa
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Figure 4 2 .1 2  Predicted MOS versus cell loss: Binomial distributioa
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Figure 4.2.1.3 Predicted MOS versus cell loss: Poisson distribution.

Figures 4.2.1.1-4.2.1.3 show, as expected, that the speech quality decreases with increase 

of the cell loss rate. For example, speech quality at 10“4 (which we consider as zero cell 

loss) are 4.1, 3.77, 3.88, 3.63, and 3.56 for the source files, ADPCM coder, LDCELP 

coder, GSM coder, and CS-CELP coder respectively while the corresponding MOS values 

for 10% cell loss, at uniform cell loss distribution are 3.58, 3.29, 3.52, 3.34, and 3.16 

respectively. Figures 4.2.1.1—4.2.1.3 show that with 10% cell loss rate, which is assumed 

to be a worst case in private ATM networks [43], the quality is kept above 3.2 for bit rate 8 

kbps. To study the degradation behavior for each bit rate (coder algorithm), we calculate 

the degradation in speech quality, taking MOS at zero cell loss as a reference point, 

versus the cell loss as shown in Figs. 4.2.1.4—4.2.1.6 for the three cell loss distributions.
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Figure 4 2 .1 3  Degradation of speech quality versus cell loss: Binomial distribution.
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Figure 4.2.1.6 Degradation of speech quality versus cell loss: Poisson distribution

Figs. 4.2.1.4—4.2.1.6 shows that the degradation rate increases with the increase of coding 

bit rate for bit rate 128, 32, 16, 8 kbps and the lowest degradation rate is for GSM coder 

at 13 kbps. We believe that when the bit rate is high, the speech utterances are clear 

and the user can easily perceive the degradation effect, while for the lower bit rate, the 

speech utterances are not so clear so that the user can’t easily distinguish the degradation 

effect for small variation in cell loss. A careful study of figures 4.2.1.1-4.2.1.6 shows 

that the degradation behavior of different bit rate coders are same for the three cell loss 

distribution assumptions (uniform, binomial, and Poisson). Figures 4.2.1.7-4.2.1.9 depict 

the variation of MOS versus the cell loss for certain bit rate coder under different loss 

distributions. Figures 4.2.1.7—4.2.1.9 illustrate that the speech quality doesn’t strongly 

depend on the cell loss distribution, but it mainly depends on the value of the cell loss 

itself. Thus, we can normalize the results for the different cell loss distributions as 

described in Figs 4.2.1.10 and 4.2.1.11.
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Figure 4 .2 . 1 . 7  Degradation of speech quality of 128 kbps 

bit rate versus cell loss for different cell loss distributions
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Figure 4.2.1 . 8  Degradation of speech quality of 32 kbps bit 

rate versus cell loss for different cell loss distributions.
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Figure 4 2 .1 .9  Degradation of speech quality of 13 kbps bit 

rate versus cell loss for different cell loss distributions.
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Figure 4.2.1.10 Average MOS values versus cell loss for different bit rate coding.
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Figure 4-2.1.11 Average degradation in the speech quality versus cell loss for different bit rate coding.

The results from Figs 4.2.1.10 and 4.2.1.11 is in consistent with the previous results 

(Fig. 4.2.1.4-4.2.1.6 ) and can be used to study the degradation effect of cell loss on 

the speech quality for different coders.

4.2.1.2 Replacement of the lost cell by the previous successfully received one

For the second replacement technique, in which the lost cell is replaced by the previous 

successfully received one, we repeat the previous study ( done in the first replacement 

technique) and we get the same behavior results as for the first replacement technique. 

But the second algorithm shows improvements in the speech quality with respect to the 

first one. For example, we choose a 32 kbps bit rate to compare the speech quality

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



67

differences in case of using the two replacement techniques. This comparison is depicted 

in Fig. 4.2.1.12.

bit rate = 32 kbps (ADPCM coder)
* replace the lost cell by previous unlost cell 
o replace the lost cell by silent samples

coO5

Cell loss rate %

Figure 4.2.1.12 Average M OS for a 32 kbps bit rate for the two replacement techniques.

It is clear that for the same cell loss, second replacement technique gives a higher speech 

quality. For example at 10% cell loss, MOS value for the first replacement technique 

is 3.31 while it is 3.6 for the second replacement technique. Instead of introducing 

the improvement effect of the second replacement technique for every bit rate (coder 

algorithm), we plot the improvement effect of the second replacement technique, for all 

coders, with cell loss variation as shown in Fig. 4.2.1.13 . In summary, Fig. 4.2.1.13 

demonstrates that the second replacement technique produce better results when compared 

with the first one.
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Figure 42.1.13 Improvement effect o f  using the second replacement technique rather than using the first one.

4.3 Conclusion

This chapter has presented a discussion of the issues involved in predicting the degradation 

impact of cell loss on speech quality over ATM network. From speech designing point 

of view, for given speech coding algorithms, our techniques can be used to predict the 

quality performance of speech coding algorithms due to cell loss impairments that will 

be introduced by ATM networks. Prediction the speech quality over ATM network help 

in designing the speech coders and controlling their electrical parameters to maintain 

certain speech quality.

From network point of view, the proposed technique can be used as a tool to predict the 

performance of speech reconstruction algorithms, that deal with the cell loss problem,
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and choose the reliable methods. Also degradation information produced by the proposed 

technique can be used to aid in designing of the management, congestion control protocols 

and assignment rules that allows the meeting of connection performance standards and 

the achieving of certain quality of service (QOS) requirements. The study also shows 

that up to 10% of speech cells can be lost while keeping the speech quality over MOS 

(Mean Opinion Score) of 3.2 for some coders such as LDCELP at 16 kbps, ADPCM at 

32 kbps, GSM at 13 kbps, and CS-CELP at 8 kbps. In summary, the proposed technique 

allows to predict the performance behavior of the suggested coding algorithms to be used 

over ATM networks.
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Chapter 5 IMPACT OF JITTER ON 
SPEECH QUALITY OVER ATM NETWORK

5.1 Overview

In the packet-switched network (e.g., Asynchronous Transfer Mode, ATM), traffic form 

all sources is packetized, and statistical multiplexing techniques are used to combine all 

network traffic through a single switching fabric. This allows higher network utilization 

but requires more sophisticated controls to ensure that the appropriate QOS is provided 

[48], In ATM networks, the most important QOS parameters are those dealing with cell 

loss, cell delay, and cell delay variation (delay jitter) [49]. Constant bit rate (CBR) traffic 

sources, e.g., CBR audio and video, will be supported by the ATM network, and in fact 

it is expected they will comprise a major portion of traffic on the network [50]. One of 

the central problems in the support of real-time applications (voice, video) within ATM 

networks is the existence of delay jitter [51]. The delay time of a packet in ATM networks 

is composed of a fixed component of propagation delay and a variable component caused 

by the waiting time in the buffers of the network [51]. Delay jitter is the variation of 

the delays with which packets travelling on a network connection reach their destination 

[52], For good quality of reception, continuous-media streams require that the jitter be 

kept below a sufficiently small upper bound [52]. Thus, the network’s contribution to 

jitter should be as small as is economically feasible [53] and upper bounds on cell loss 

and jitter are needed to ensure any desired level of output quality. The previous study 

[54], explained in the previous chapter, shows that up to 10% of speech packets can be 

lost over ATM networks while keeping the speech qualify over MOS (Mean Opinion 

Score) of 3.2 for some speech coders. Our objective in this chapter is to predict the
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user’s opinion of speech quality due to jitter introduced in ATM networks. The user’s 

opinion is important for the proper design of network algorithms such as routing, flow 

control, and management techniques. In the emerging technology, the user expects a 

minimum guaranteed value of QOS regardless of traffic intensity, service variety, or 

network imperfections [55]. A careful definition of the user requirements would also 

greatly assist in the design of future telecommunication systems, services [1], and audio 

applications [56].

Since introducing jitter for the speech signals will change their time characteristics, we 

can’t use the previous objective techniques [57] and [58], introduced in chapters 2 and 

3, in predicting the ATM network’s output speech quality because the time matching 

between the input and the output signals is necessary in that technique.

To study the impact of jitter on speech quality, we have introduced a new perceptually- 

output-based objective technique to predict the output speech quality without referring to 

the input speech. In this technique, we emulate several known features of perceptual 

processing of speech sounds by human ear ( including critical-band masking, equal 

loudness, and the intensity-loudness power law operations) to map the speech power 

spectrum, P(f) in the frequency domain , into auditory power spectrum, B(z) in the bark 

domain, which is used to derive the perceptual LPC coefficients. Then, we use the 

radial basis functions neural network to map the perceptual LPC into the corresponding 

estimated speech quality.

The rest of this chapter is organized as follows: section 2 summarizes the calculation of 

the perceptual LPC parameters that are used to predict the output speech quality. The 

proposed evaluation system is illustrated in section three. Section four illustrates the
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validity of the proposed objective technique. In section five, we study the impact of jitter 

on speech quality while conclusion and further work are introduced in section six.

5.2 Calculation of the Perceptual LPC Parameters

The speech frame is weighted by Hamming window and the consecutive frames over­

lapped by 50 %. By computing the magnitude square FFT spectrum, the frame’s power 

spectrum P(f) is calculated and followed by some speech processing operations similar 

to what we did in chapter 2. These operations are summarized as follows:

• Compute the FFT-based sample spectrum,

• Warp the frequency axis into a Bark frequency scale,

• Apply a critical-band masking curve, i.e., convolve the Bark spectrum with a critical- 

band filter and sample at 1-Bark intervals,

• Weight the samples for equal loudness to adjust for the ear’s frequency dependent 

loudness sensitivity,

• Apply 1/3 power law to simulate the non-linear relation between sound intensity and 

perceived loudness.

After performing the above operations, we obtain thirteen samples of the auditory 

spectrum, B(i), that covers the telephony spectrum (300-3400 Hz).

• The inverse DFT is applied to B(i) to yield the autocorrelation function, r, j  (rj), dual 

to B(i).

• The perceptual LPC coefficients, a ;, are obtained by solving the Yule-Waker equation,
v

53 <*i Tij =  Tj, with p (=10) is the order of LPC analysis.
» = i
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Figure 5.2.1 Basic transformations used in obtaining the perecptual LPC parameters.

5.3 Evaluation System

Like the technique illustrated in chapter 3, we prepare two evaluation systems, each 

for one sentence, that use radial basis function neural networks. Unlike the previous 

technique, this technique use LPC parameters of the speech frames of the speech signal, 

instead of the cepestrum distance between the input and the output frames, in predicting 

the speech quality.

To have a constant feeding input to the neural network, we divide each sentence into fixed 

number of frames. Typically we use 211 overlapping frames with their sizes in the range 

of 20 to 30 msec. We believe that dividing the sentence into fixed number of frames, 

with different size, and then approximate that frame by all-pole model, with a suitable 

order, is more accurate than using the time warping technique that modifies the time 

shape of the speech signal. The output speech sentence (S1 and S2) that processed by 10 

different coders are used to prepare the learning data for the two sub-evaluation systems. 

During the learning phase of our evaluation systems, the actual output quality scores is 

compared to the desired scores and the errors between the actual and desired scores are 

then used to determine the best network coefficients that minimize the predicted square 

error (PSE) for certain value of spread constant, sc. The learning procedures is repeated 

for different values of sc. Figure 5.3.2 shows the PSE during the learning phase of one 

the sub-evaluation system while Fig.5.3.3 depicts its production phase.
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At the end of the learning phase, we have some evaluation system, each achieved mapping 

of PCDF into the predicted speech quality scores. We tested all of these systems to 

predict the average MOS of other 16 coders. We chose the one that gave the most 

accurate result for the two sub-evaluation systems. So our evaluation system consists
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of the best subvaluation systems. This evaluation system can be used to predict the 

performance of speech coder over ATM network, voice communication systems, and 

mobile communication systems.

5.4 Validity of the Proposed Evaluation System

The validity of the proposed evaluation systems is checked by comparing the average 

predicted MOS obtained from our technique to those obtained from the subjective test. 

The actual MOS and the predicted one, based on the mixed speakers, is illustrated in Fig. 

5.4.4 and Fig. 5.4.5 for the two neural networks ( sub-evaluation systems) respectively. 

Figure 5.4.6 compares the total predicted MOS, the average score of the two networks, 

with the actual MOS values.
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Figure 5.4.4 Actual and predicted MOS values for sub-evaluation system 1.
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The results of Figs. 5.4.4—5.4.6 show that our objective technique is reliable in predicting 

the speech quality and it is highly correlated with the subjective test. We believe this 

technique is suitable in studying the impact of jitter on the speech quality, especially when 

the speech materials, that used in training the neural networks, are used in that study.

5.5 Impact of Jitter on Speech Quality

As the packets (cells) pass through the ATM network, each can encounter a varying 

amount of queueing delay in the statistically multiplexed links. The delay experienced 

by a packet can be divided into a fixed delay, D, which is the same for each packet in 

a call, and a variable delay, W. The fixed delay arises from the propagation of packets, 

processing time at sender and receiver, and from a fixed buffering delays in the network. 

The variable delay results from queuing and from other variable processing delays in 

the network [59]. The alternation of the initial periodic nature of a constant bit rate 

cell stream due to such delays is the phenomenon of jitter [60]. The impact of jitter in 

the output speech can be simulated by inserting silent samples between the ATM cells. 

For example inserting one silent sample between two consecutive cells is equivalent to 

introduce a time jitter of 0.125 ms (i.e. , sampling time) between those two cells. Thus, 

at the receiver end, the listener has the degraded speech and the goal of this chapter [61] 

is predicting the speech quality as perceived by the user. In this study, we choose three 

different distributions for the jitter: uniform, binomial, and Poisson. For each distribution, 

the mean values of jitter are 0.5, 1.5, 2.5, 3.5, and 5 ms. Figures 5.5.7-5.5.9 shows the 

jitter distributions at 5 ms jitter mean value.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



78

150 r

100
2ata.

mean = 5 msec

50

4 5 6
Jitter (msec)

10

Figure 5.5.7 Uniform jitter distribution.

250

200

0)
|  150 
(0 Q.
Ow
©

E 1003

50

0
0 1 2 3 4 5 6 7

Jitter (msec)

Figure 5.5.8 Uniform jitter distribution.

i i i > »

Mean = 5 msec ___

‘ » » '  t L I  i  I 1 11

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



79

250

200

©
-g 150
S.

1
g  100

50

0
0 1 2 3 4 5 6 7 8

Jitter (msec)

Figure 5.5.9 Poisson jitter distribution.

For certain bit rate and a given coder algorithm, we apply the same jitter effect parameters 

(distribution, mean value, number of cells that faced the jitter) on the 24 speech files. 

Then we calculate the perceptual LPC coefficients of the output speech files that used 

to feed the trained radial basis functions neural network. The neural network’s output 

represents the predicted average MOS score of the jitter effect for the chosen bit rate 

coding algorithm.

5.5.1 Numerical results

In this section, impact of jitter on speech quality in ATM networks is analyzed. Figures 

5.5.1.10—5.5.1.12 show the relation between degradation in speech quality versus jitter 

for the three distributions.

I i i l I — l

Mean = 5 msec
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Figure 5 -5 .1 . 1 0  Degradation of speech quality versus jitter: Uniform distribution.
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Figure 5-5.1.11 Degradation of speech quality versus jitter: Binomial distribution.
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Figure 5.5.1.12 D egradation o f speech quality versus j i t te r  Poisson distribution.

Results of Figs. 5.5.1.10—5.5.1.12 show that the degradation in speech quality, as 

expected, increases with increasing the jitter and the degradation behavior is almost same 

for different distribution. This indicates that the degradation depends most likely on the 

value of jitter itself and its variation doesn’t strongly depend on the jitter distribution. 

This idea is illustrated in Figs. 5>5.1.13—5.5.1.16.
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Figure 55.1.14 Variation of speech quality versus jitter for bit rate = 32 kbps and 40% of cells face jitter.
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Figure 5.5.1.15 Variation of speech quality versus jitter for bit rate = 128 kbps and 20% of cells face jitter.
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Figure 5.5.1.16 Variation of speech quality versus jitter for bit rate = 128 kbps and 40% of cells face jitter.
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Figs. 5.5.1.13-5.5.1.16 shows that the degradation variation due to jitter distribution 

is within 0.1 and this indicates that normalization of the result, with respect to jitter 

distribution, will not introduce a high prediction error. In the following figures, we 

normalize the result with respect to the jitter distribution. Figures 5.5.1.17—5.5.1.21 

depict how the predicted MOS varies with jitter value (independent of jitter distribution) 

for different bit rate coding.

bit rate = 128 (source files)
Number of cells that faced the jitter: 
*10% o30%
+ 20% x40%

O  3.5

Jitter (mean value in ms)

Figure 5-5.1.17 Variation of speech quality versus jitter for 128 kbps bit rate.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



85

bit ra ta  = 32  kbpe (AOPCM oodar) 
N um ber of ce lb  that faced the fitter 
'1 0 %  o 3 0 %
> 2 0 %  x40%

co

Jitter (mean value in ms)
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Figure 5-5.1.20 Variation of speech quality versus jitter for 13 kbps bit rate.
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Figure 5.5.1.21 Variation of speech quality versus jitter for 8 kbps bit rate.
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It is clear that, we can use Figs. 5.5.1.17—5.5.1.21 in obtaining the jitter tolerance value 

, for each bit rate coder, to achieve certain speech quality (MOS). For example to keep 

MOS at 3.2 for bit rate 128 kbps, the jitter introduced from ATM networks should be 

2.5 msec and number of cells (cell ratio) which will face that jitter can be up to 30%. If 

cell ratio equal to 10% or 20%, the jitter limit can be more than 5 msec.

The above study shows that, by using the proposed technique, we can predict the quality 

performance of speech coding algorithm due to jitter impairments that will be introduced 

by the ATM networks. Furthermore, the proposed technique can be used to assign upper 

jitter limit for the suggested coding algorithms to be used over ATM networks. Also, 

our technique can be used to select among jitter control schemes that absorbs the jitter 

by buffering data at the destination.

5.6 Conclusion

This chapter has presented a discussion of the issues involved in predicting the degradation 

impact of jitter on speech quality over ATM networks. From speech coder designing 

point of view, for given speech coding algorithms, the proposed technique can be used 

to predict the quality performance of speech coding algorithms due to jitter impairments 

that will be introduced by ATM networks. Prediction the speech quality over ATM 

networks helps in designing the speech coders and controlling their electrical parameters 

to maintain certain speech quality.

From network design of view, the proposed technique can be used to assign upper jitter 

limit for the suggested coding algorithms to be used over ATM networks. Furthermore, 

it can be used to select among jitter control schemes that absorbs the jitter by buffering 

data at the destination. Also degradation information produced by the proposed technique
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can be used to aid in designing of the management, congestion control protocols and 

assignment rules that allowed the meeting of connection performance standards and the 

achieving of certain quality of service (QOS) requirements.

Although we have studied only the impact of jitter on speech quality, major research is 

still necessary in this area to predict the degradation impact of both the cell loss and 

jitter, in the same time, on speech quality over ATM networks.
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Chapter 6 CONCLUSION AND FURTHER WORK

Throughout this work, the problem of predicting speech quality using the objective mea­

sure techniques, was addressed. We have provided two preceptually-oriented objective 

measure techniques that are highly correlated to human responses across a wide range of 

quality levels and for a wide range of speech coding techniques. These new objective 

measure techniques emulate several known features of perceptual processing of speech 

sounds by human ear (including critical-band masking, equal loudness, and the intensity- 

loudness power law operations) to map the speech power spectrum into auditory power 

spectrum (bark domain). In the first objective measure technique, as illustrated in the 

second chapter, we use the auditory power spectrum in calculating the bark spectral dis­

tance per band (BSDB) between the input and the output coded speech signals. Then, we 

use the abductive networks, that evolved from neural network, statistical modeling, and 

artificial intelligence concepts, to estimate the speech quality from the BSDB. In the third 

chapter, we introduced the second objective measure technique in which we derived the 

perceptual LPC coefficients from the auditory spectrum. The perceptual LPC coefficients 

are used to calculate, for each frame, the cepstrum distance between the input and the 

output coded speech signals. Then, we use the radial basis functions neural network to 

map the perceptual cepstrum distance per frame into the corresponding estimated speech 

quality.

After extensive experimentations and validation of our techniques, we obtained results 

of r and s in the range of 0.96 and 0.1 respectively where r is the correlation coefficient 

between subjective test ratings and corresponding objective measures, and s is the standard 

deviation of the prediction error. The results indicate that our proposed techniques are
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reliable and robust in evaluating the coded speech quality.

Our objective measure techniques can be used in development, testing, refinement, 

deployment, or standardization of algorithms and equipment that process speech signals. 

Such techniques help to minimize the number of costly and time consuming formal 

subjective tests required by those activities including the performance evaluation of the 

speech coders.

Furthermore, in this research, we have presented a discussion of the issues involved 

in predicting the user’s opinion of speech quality due to cell loss and jitter introduced 

in ATM networks. The user’s opinion is important for the proper design of network 

algorithms such as routing, flow control, and management techniques.

We have used the first objective technique in studying the impact of cell loss on speech 

quality over ATM networks. Moreover, we compare the results between two different 

cell loss’s replacement techniques: stuffing silent samples and inserting the previous 

information in the lost cell. Study shows that the second replacement techniques produces 

better result when compared with the first one. The study also shows that up to 10% of 

speech cells can be lost over ATM networks while keeping the speech quality over MOS 

(Mean Opinion Score) of 3.2 for some speech coders.

Since introducing jitter for the speech signals will change their time characteristics, we 

can’t use the previous objective techniques in predicting the ATM network’s output speech 

quality because the time matching between the input and the output signals is necessary in 

that technique. To study the impact of jitter on speech quality, we have introduced a new 

perceptually-output-based objective technique to predict the output speech quality without 

referring to the input speech. In this technique, we have used the auditory power spectrum
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in deriving the perceptual LPC parameters. Then, we use the radial basis functions neural 

network to map the perceptual LPC into the corresponding estimated speech quality. 

From speech coder designing point of view, prediction the speech quality over ATM 

networks helps in designing the speech coders and controlling their electrical parameters 

to maintain certain speech quality.

From network design point of view, the proposed techniques can be used to assign upper 

cell loss and jitter limits for the suggested coding algorithms to be used over ATM 

networks. Also degradation information produced by the proposed techniques can be 

used to aid in designing of the management, congestion control protocols and assignment 

rules that allowed the meeting of connection performance standards and the achieving of 

certain quality of service (QOS) requirements.

Although we have mainly studied the impact of cell loss and jitter on speech quality in 

two separate ways but our studying help, to some point, in understanding the impact of 

those two problems (cell loss and jitter) on the speech quality. Major research is still 

necessary in this area to predict the degradation impact of cell loss, jitter, end to end 

delay, and echo on speech quality over ATM network in a real time environment.
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Appendix A Linear Predictive 
Coding (LPC) Analysis

linear predictive coding (LPC) can provide a complete description for a speech produc­

tion model. The basic idea underlying LPC is that each discrete speech sample, xt, can 

be represented as a linear combination of previous samples, and prediction errors can 

then be minimized according to the mean-square value of the prediction error, et, which 

is defined by [9]:

p
e t =  x t +  a ‘ X l~ i 

1=1

where p is the order of LPC analysis, and a, are LPC coefficients. The LPC coefficients 

which minimize the mean square prediction error can be obtained by setting the partial 

derivative of the mean-square prediction error (with respect to each <*,•) equal to zero. 

Apply the z-transform to eq. (A.1), the following expression is obtained:

p
E{z)  =  z - l X{z)  (A.2)

<=o

Let us denote H(z)  as follows:

H(z)  =  - j - 1 -----  (A.3)
E a i Z~ ‘
i=0

Then eq. (A.2) is expressed as:

X[z)  =  H(z) E(z) (A.4)

The spectra of et and xt are obtained by setting z =  ejwT where T  is the sampling

time. Since the denominator of H(z) has p complex roots, the H(eJwT) has p/2
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resonant frequencies, which correspond to formant frequencies. This implies that the

LPC technique can model the spectrum of the vocal tract as a spectrum of an order-p

model H(z).  The expression of eq. (A.4) indicates that the spectrum X(z)  of discrete

speech samples is produced as the product of the spectrum H(z)  of the vocal tract and the

spectrum E(z),  which is the spectrum of the unpredictable signal formed from the past

p speech samples. Therefore the E{z)  corresponds to the spectrum of voice excitation.

Suppose that the voice excitation is white noise in the case of unvoiced speech, and an

impulse in the case of voiced speech, as shown in Fig. A.l so that the spectrum of voice 

Noise

Silent

Voice

h*PM

Impulse

Figure A .l Voice production model.

excitation E(z)  becomes spectrally flat. Under such conditions, the speech spectrum 

X (2)equals the spectrum at the vocal tract, so that X(z)  =  G H(z)  where G is the 

gain constant.
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Appendix B Cepstral Analysis

As shown in appendix A, the basic model of speech production can be considered as a 

vocal tract filter H{z) excited by a periodic excitation function E(z) for voiced speech 

or white noise E(z) in the case of unvoiced speech.

If, in the frequency domain, the product of the excitation and filter spectrum is transformed 

to the summation of these two spectra (logarithm operation), the transformation from the 

frequency domain back to the time domain by Fourier transform results in the cepstrum, 

which can represent the excitation and vocal tract separately. The parameter for cepstrum 

is called quefrency and is effectively a (pseudo) time domain parameter. The excitation 

locates at high quefrency owing to its periodic high frequency, and the vocal tract locates 

at low quefrency owing to its smoothed spectral envelope. This separable representation is 

very suitable to the deconvolution of speech and this analysis is called cepstral analysis

[62], [63]. There are two types of cepstral analysis: FFT cepstral and LPC cepstral 

analysis [64], [65]. In the FFT cepstral analysis, a fast Fourier transform is directly 

applied to the speech signal. On the other hand, in the LPC cepstral analysis, the z- 

transform is applied to the speech signal modelled by LPC analysis. To investigate 

properties of the LPC cepstrum, the excitation E{z) and the vocal tract filter H(z),  in the 

speech spectrum X(z),  are linearly separated by a complex logarithm operation applied 

to eq. (A.4). Then

log X(z)  =  log H(z)  + log E{z)  (B.l)
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The LPC cepstral coefficients c,, are defined as the inverse z-transform of the above log- 

spectrum log X(z) .  This indicates that the characteristics of vocal tract and excitation 

are well represented separately in the cepstral coefficients. The higher order coefficients 

take the excitation property and the lower order coefficients take the vocal tract property. 

The cepstral coefficients, c,„ of the spectra obtained from LPC analysis can be computed 

recursively from the LPC coefficients, by [9]:

where a,- =  0 when i > p (p is the order of LPC analysis).

Cepstral coefficients have been widely used in speech recognition [9]. A variety of 

speech recognition systems using cepstral analysis have been reported [66]. A distinctive 

advantage of the cepstral analysis is that correlation between coefficients is extremely 

small so that simplified modelling assumptions can be applied [9].

» - i

. n >  1 (B.2)
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