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Resumen

En esta tesis se presenta un codificador de audio en el rango de voz banda extendida

(50-7,000 Hz) basado en la transformada en paquetes de ondeletas. Dicha transformada

permite aproximar eficientemente la descomposición en bandas críticas que realiza el

sistema auditivo, tanto en el dominio del tiempo como de la frecuencia. Como resultado

de este fenómeno, se hace uso de las propiedades de enmascaramiento espectral del

sistema auditivo humano para poder disminuir la razón promedio de bits del codificador,

ocultando perceptualmente el error de cuantización.

El presente trabajo comienza con un breve repaso de las técnicas de análisis de

señales por medio de transformada y descomposición en subbandas. Además, algunas

técnicas de asignación de bits son revisadas. A continuación, los principios básicos del

análisis por medio ondeletas son presentados. Esto lleva a la relación entre bancos de

filtros y ondeletas, particularmente a los bancos de filtros paraunitarios de dos bandas

y su generalización a estructuras de árbol.

A continuación, se presenta un análisis del sistema auditivo humano. Primeramente

desde el punto de vista fisiológico, para después pasar a un estudio de las propiedades

de enmascaramiento espectral del oído. Se elige el modelo psicoacústico de MPEG para

su implementación en el presente trabajo.

Se presenta la integración del codificador y de sus componentes, además de su im

plementación. Las pruebas realizadas demuestran que el codificador propuesto logra

una calidad casi transparente para señales de audio genéricas a una razón promedio de

bits de 56.1 kbit/s. A continuación se muestran los resultados de las pruebas objetivas

y subjetivas del codificador desarrollado. Finalmente se presentan las conclusiones de

la tesis y posibles mejoras futuras para el codificador.
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Resume

Cette thése présente une méthode de codage des signaux audio générique dans la bande

50-7,000 Hz. Cette méthode est basée sur la transformée en paquets d'ondelettes. La

technique proposée dans ce travail permet d'approcher efficacement la decomposition

qui fait l'oreille en bandes critiques dans les domaines temps-fréquence. On profite des

propriétés de masquage fréquentiel de l'oreille pour reduire le débit moyen du codeur,

tant que l'erreur de quantification reste perceptuellement caché.

Ce travail commence par une étude des techniques d'analyse en sous-bandes et par

transformées, en plus on déduit des regles d'allocation de bits nécessaire pour le codage.

Ensuite, des fondements de l'analyse par ondelettes sont presentes. Aprés, on montre

la relation entre les ondelettes et les bañes de filtres. Une attention particuliére est

accordée au banc de filtres para-unitaires á deux canaux et á la structure d'arbre qu'on

peut déduire á partir d'eux.

Le system auditif humain est analysé. Au debut, un point de vue physiologique du

system auditif est donné. Aprés, un étude des propriétés du masquage fréquentiel est

presenté. Le modele psychoacoustique de MPEG est choisi pour étre implemente dans

le codeur proposé.

La mise en ceuvre du codeur et ses composantes est adressé. Les resultáis des

tests realisés montrent que le systeme de codage proposé atteint une qualité proche

de la transparence avec un débit moyen de 56.1 kbit/s. Une evaluation objective et

subjective du sytéme proposé est présentée. Finalement, on présente les conclusions et

des possibles améliorations dans l'avenir.
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Abstract

This thesis presents a wide-band speech audio coding method based on the wavelet

packet transform. These techniques permit us to efficiently approximate the auditory

critical band decomposition in the time and the frequency domains. As a result, wemake

use of the spectral masking properties of the human hearing mechanism to decrease the

average bit rate of the encoder, while perceptually hiding the quantization error.

This work begins with a brief review of the subband and transform signal analysis

techniques. Bit allocation rules, necessary for coding, are also addressed. Next, the

wavelets fundamentáis are presented. Then, the relationship between wavelets and

filter banks is discussed. Particular attention is paid to two-channel paraunitary filter

banks and their generalization to tree structures.

The Human auditory system is analyzed. Firstable, a physiological point of view of

the auditory system is provided. Then, a study of spectral masking and its properties

is presented. The MPEG psychoacoustical model is chosen for implementation in the

present work.

The integration of the coder components and its implementation are addressed. Ex

periments show that the proposed coding system achieves nearly transparent quality for

generic audio signáis in the range of 50-7,000 Hz, at an average bit rate of 56.1 kbits/s.

Objective and subjective quality assessments for the proposed coder are provided. Fi

nally, the conclusions, some future considerations and possible improvements are given.
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Glossary of abbreviations

ADPCM adaptive differential PCM

ASPEC adaptive spectral perceptual entropy coding

DCC digital compact cassette

CELP code exited linear predictor

CWT continuous wavelet transform

DAB digital audio broadcasting

DCT discrete cosine transform

DPWT discrete parameters wavelet transform

DTWT discrete time wavelet transform

DWT discrete wavelet transform

FFT fast Fourier transform

HAS human auditory system

ISDN integrated services digital network

ITU international telecommunication unión

JND just noticeable distortion

LPC linear prediction coding

MDCT modified discrete cosine transform

MOS mean opinión score

MPEG moving pictures experts group

MUSICAM masking-pattern universal sub-band integrated coding and multiplexing

PCM pulse code modulation

PDF probability density function

PSD power spectrum density

QMF quadrature mirror filter

SFM spectral flatness measure

SPL sound pressure level

STFT short time Fourier transform

VQ vector quantization

WPT wavelet packet transform

WSS wide sense stationary

WT wavelet transform

WWW world wide web

This thesis was prepared with WT^i2£ under Debían GNU/Linux 2.2.
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Chapter 1

Introduction

Perceptual audio coding algorithms are lossy compression schemes that minimize the

number of bits required to represent audio signáis while trying to maintain transparent

quality. This is accomplished through two processes known as irrelevancy reduction and

redundancy removal. Irrelevancy reduction is achieved by shaping the coding distortion

(quantization noise) such that it cannot be perceived. The main idea is to perform a

time-frequency distribution of the quantization noise such that it is not perceivable by

the human auditory system. The method employed in this thesis for quantization noise

shaping is involved with time-varying, signal-dependent allocation of bits for quantiza

tion of signal components.

Perceptually relevant signal components are accurately represented using a larger

number of bits; perceptually unimportant or imperceptible components, in contrast, re

ceive very few bits and in some cases are altogether discarded. For example, frequency

components that fall below the threshold of hearing can be safely discarded. Nowa

days, the irrelevancy reduction (or distortion control) step is essential to the success of

perceptual coding schemes. Redundancy removal is also of vital importance to the per

ceptual audio coder. Whereas irrelevancy reduction exploits the properties of auditory

perception, redundancy removal identifies and removes statistical redundancies. In the

proposed coder irrelevancy reduction is applied after redundancy removal.

Perceptual coders employ a number of signal-processing tools in pursuit of both ir

relevancy reduction and redundancy removal. Of particular importance are filter banks,

used to decompose the audio signal into a set of time-frequency components. Given such

a set, it is possible to discrimínate between the perceptually relevant and irrelevant el

ements. Then, several quantization techniques can be applied to represent the relevant

1



2 CHAPTER 1. INTRODUCTION

time frequency components with as little precisión as possible, without introducing per

ceptible distortion. Choice of an innappropriate filter bank can result in lower output

quality or in a need for higher bit rate in the audio coder stream. Ideally, the proper

ties of the filterbank must be matched to the characteristics of the input signal. For

example, harmonic sounds produced by a bagpipe or spectrally complex signáis such as

the sound produced by a harpsicord demand for a filter bank with fine frequency reso

lution and coarse time resolution. In contrast, the sounds containing sharp attacks or

abrupt transients such as those produced by percussive instruments like the castanets,

the drums, or the triangle demand for a filter bank with a good time resolution.

Perceptual coders rely upon models of human auditory perception in order to dis

crimínate between relevant and irrelevant signal components extracted by the filter

bank. Most models seek to exploit masking phenomena, both simultaneous and nonsi-

multaneous. Both types ofmasking describe a process in which the presence of a sound

hides the presence of a weaker sound. Essentially, the task of auditory models in per

ceptual audio coding is to estimate the amount of masking power present in the signal

and then to use this information to determine the way bits should be allocated to the

quantized representation of the time frequency components generated by the analysis

filter bank. The idea is to allocate bits such that the quantization noise falls below the

threshold of audibility. The threshold of audibility is estimated in terms of the masking

power in the signal at a given time instant. Perceptual models, therefore, attempt to

model the signal processing that takes place in the cochlea (inner ear).

1.1 Scope of the thesis

Audio coding usually refers to the compression of high fidelity audio signáis, i.e.,

with 15- or 20-kHz bandwidth for consumer hi-fi, professional audio including motion

picture for HDTV audio, and various multimedia systems. Wide-band speech coding

refers to the compression of signáis having a 50-7000 Hz bandwidth, usually for telecon-

ferencing applications where an increased intelligibility of speech is required [28]. For

the present work the term wide-band speech audio was wedged to refer to generic audio

signáis in the frequency band 50-7000 Hz sampled at 16 kHz. Traditionally, most of

the effort in sound compression has been focused on the usual telephone bandwidth of

roughly 3.1 kHz (300-3400 Hz1). There has also been a very large increase in research

bandwidth in México and Europe
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and development in the coding of high fidelity audio signáis for transmission and storage

of CD-quality music. Interest in wideband speech audio coding has increased during the

last years; specially for applications like mobile radio Communications, videoteleconfer-

encing, multimedia datábase access, internet broadcasting and narrow band ISDN.

In the context of audiovisual Communications, the quality of telephone-bandwidth

speech is acceptable for some telephony services and to maintain backward compat

ibility. Nowadays, higher bandwidths are required to improve the intelligibility and

naturalness of speech, allowing also the transmission/storage of non-speech audio sig

náis. In addition, the excelent quality offered by high fidelity audio coding has a major

drawback: its bit rate requirements are too high for some applications. For these rea

sons wide-band speech audio coding has emerged as a low cost alternative to provide

good audio quality at reasonable bit rates. Further information concerning coding bit

rates can be found in Chapter 2.

The objective of the present work is to design a variable-rate coding system for wide

band speech audio signáis. The proposed scheme makes use of filter banks to simúlate

the selectivity of the ear and also of auditory modeling to mask the errors introduced

by the quantization process. The achievements are measured in terms of average bit

rate and audio quality.

1.2 Proposed Coding System

In this thesis, a coding system for wide-band speech audio based on a transform

working directly on an auditory scale is developed. This transform is the discrete

orthogonal wavelet packet transform. For a weil chosen decomposition and length of

its basis functions, it provides a time frequency mapping that possesses temporal and

spectral resolutions cióse to those achieved by the human ear. The coder developed,

like most of the existing coding systems, takes into account the auditory masking model

only in the frequency domain. So far, the temporal properties ofmasking have not been

taken into consideration in the design.

The block diagram ofthe proposed coder is shown in Figure 1.1. The original audio

signal is denoted by x(n) and the decoded (reconstructed) signal by x(n). The wavelet

packet transform of x(n) is given by the coefficients __¿. T¿ are the coefficients of the

frequency masking threshold. The wavelet packet coefficients are uniformly quantized,

according to the computed masking threshold, and coded using a lossiess Huffman
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Figure 1.1: Proposed wide-band speech audio encoder and decoder.

1.3 Thesis Overview

This thesis is organized as follows: Chapter 2 presents the essential tools such us

subband coding, transform coding, quantization, etc. to understand speech and audio

compression algorithms. A brief background on state of the art methods for speech and

audio coding is also presented.

Chapter 3 outlines the wavelets fundamentáis required to develop the proposed

coder. Subband, transform coding and its extensión to perfect reconstruction parauni

tary transforms, also called orthonormal transforms, are addressed. The design of two

channel orthonormal transform and their extensión to tree structures is also discussed.

Notions of wavelet and wavelet packet transforms are also presented and their connec

tion to tree structure transforms are given. A particular wavelet packet decomposition

that approaches the time-frequency resolution of the human ear is also presented.

Chapter 4 deals with the modeling of the human auditory system. First, a general

overview of the physiological components of the ear system is broached. Then, auditory

masking in the time-frequency domain is presented. The concept of perceptual entropy

is provided. Finally, the frequency masking model is adjusted to the needs demanded

by the audio coder through a psychoacoustic procedure.
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Chapter 5 provides a description of the proposed wide-band speech audio cod-

ing/decoding system. Optimal allocation of bits and Huffman coding are also addressed.

Coder results are also presented.

Chapter 6 presents the performance and the results of the subjective and objective

tests. Chapter 7 concludes this thesis by providing a summary ofthe main developments,

achievements and conclusions. A brief outline of possible future research directions is

also discussed.
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Chapter 2

Background

Despite the rapid progress in mass-storage density and digital communication-

system performance, demand for data transmission bandwidth and storage capacity

continúes to outstrip the capabilities of available technologies. Particularly, the growth

of data-intensive digital audio applications and the increasing use of bandwidth limited

media (such as mobile phones, radio links, narrow band ISDN) have not only sustained

the need for more efficient ways to encode analog signáis, but have made signal compres

sion central to digital communication and signal-storage technology. In this chapter,

we provide a brief background on the essentials of speech and audio compression e.g.,

subband coding, transform coding, quantization. We also review different state of the

art coding methods for speech and audio. With this chapter we intend to lócate the

reader in the context of the presently available speech and audio coders. In subsequent

chapters this information will be very useful to know where, among the existing ones,

lies the coder we have proposed.

2.1 Speech Compression

The speech signal is a slowly time varying stochastic process whose characteristics,

when examined over a sufficiently short period of time (between 10 and 50 msec) ,
are

fairly stationary. However, over long periods of time (on the order of 1/5 seconds

or more) the signal characteristics change to reflect the different speech sounds being

spoken. There are several ways of classifying events in speech. The simplest and most

straightforward is via the state of the speech production source (the vocal cords). We

use the three state representation of [67], in which the states are: (1) silence, where

7
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no speech is produced; (2) unvoiced, in which the vocal cords are not vibrating, so the

resulting speech waveform is aperiodic or random in nature; and (3) voiced, in which

the vocal cords are tensed and therefore vibrate periodically as air flows from the lungs,

so the resulting speech waveform is quasi-periodic.

The problem of signal compression, speech in this case, is to achieve a low bit

rate in the digital representation of an input signal with a minimum perceived loss of

signal quality. For speech this is achieved by eliminating the redundancy between signal

samples and by reducing their numerical precisión. The function of compression is very

often referred to as low bit rate coding, or coding, for short. With very few exceptions

in digital speech storage/transmission, speech is generally band-limited to 4 kHz (or

3.4 kHz) and sampled at 8 kHz.

In general, speech coders can be classified according to their bit rate or the tech

nique they use [47, 73]. In addition, their bit rate is usually closely related to their

coding technique. In a gross manner, we can classify the speech coder bit rate as high,

médium, low or very low. Furthermore, their coding technique can be classified as

waveform coding, parametric coding or hybrid. Traditionally, the speech coders that

use waveform coding opérate within the médium to high range (bit rates of 16 kbps or

higher). The hybrid coders opérate within the low to médium range (bit rates between

2.4 kbps and 16 kbps). Finally, the parametric coders opérate within the very low to

low range (bit rates below 2.4 kbps). Figure 2.1 summarizes the bit rates and tech

niques mentioned above. These techniques do not have to opérate necessarily within

the previously mentioned ranges, these are only estimates. For example, it means that

we can find parametric coders that do not lie in the range of very low bit rate, as in the

case of the Mixed Excitation Linear Predictor (MELP) at 4.8 kbps proposed by [55].

waveform hybrid parametric

coding coding coding

E a> M
■_._ <í I 2 i-l

_> E -°

64kbps i6W)ps 8l*ps E4k6ps 75bps
orh^jher

Figure 2.1: Estimated relationship between speech coders bit rate and coding technique.
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2.1.1 Waveform coding

The waveform coding technique attempts to directly exploit the temporal and/or

spectral characteristics of the signal. Basic waveform coders rarely exploit the con

straints imposed by the human vocal tract on the speech waveform. Waveform coders

are generally more robust than parametric coders. The following coding systems belong

to this technique: pulse code modulation (PCM), differential PCM (DPCM), adap

tive differential PCM (ADPCM), sinusoidal coders, sub-band and transform coding.

Waveform coders can represent non-speech sounds (e.g., music, background noise) ac

curately, but do so at a higher bit rate than that achieved by efficient speech-specific

coders [30, 41, 47, 60].

2.1.2 Parametric coding

Parametric coders rely on speech specific analysis-synthesis which is mostly based

on the source-system model. Models that represent the human speech production mech

anism (articulatory system) of the vocal tract have been proposed, i.e., distinct human

voice-production organs are modeled explicitly. Usually, auto regressive (AR) modeling

is employed. This leads us to the use of Linear Predictive Coding (LPC), in which

an estimation of the vocal tract transfer function and of the excitation waveform is

caículated. This estimation is performed over quasi-stationary speech segments. There

exist many different parametric coders based in LPC analysis-synthesis, we usually refer

to them as vocoders. Unlike waveform coding, parametric coders are very sensitive to

non-speech sounds [30, 41, 47, 60].

2.2 Audio compression

Audio signáis are non-stationary stochastic processes. Unlike speech signáis, audio

signáis (such as music or mixed music and speech) cannot be characterized by a common

production model. Audio compression algorithms are used to obtain compact digital

representation of high-fidelity audio signáis for the purpose of efficient transmission or

storage. The central objective in audio coding is to represent the signal with a minimum

number of bits while achieving transparent1 signal reproduction [39]. The introduction

of the compact disc (CD) in the early 1980's brought to the fore all the advantages of

'when the coded signa! cannot be distinguished from the original of the coded speech or music.
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digital audio (high-fidelity, dynamic range, robustness). These advantages carne at the

expense of high data rates. Conventional CD audio is typically band limited to 20 kHz

and sampled at 44.1 kHz using PCM with a 16-bit sample resolution. This results in

uncompressed data rates of 705.6 kbps for a mono aural channel.

There are several classes of analysis-synthesis audio compression algorithms. Within

each algorithm class, either lossy or lossiess compression is possible. A lossiess coding

system is able to reconstruct perfectly the samples of the original signal. In contrast,

a lossy scheme is incapable of perfect reconstruction from the coded representation of

the signal. Lossy coders, also known as perceptual coders, exploit the psychoacoustic

principies and statistical redundancies to achieve bit rate reduction. The coder we have

proposed in the previous chapter and that we will describe further in subsequent chap

ters uses a lossy compression scheme. Most of the perceptual audio coding algorithms

are based on the generic architecture shown in Figure 2.2.

Mn)
1—>

■»■

Figure 2.2: Generic perceptual audio encoder.

These coders typically segment the input signal into quasi-stationary frames ranging

from 2 to 50 msec in duration. Then, a time-frequency analysis estimates the temporal

and spectral components of each frame [60]. Often, the time-frequency mapping is

matched to the analysis properties of the human auditory system, although this is

not always the case. The main goal of this is to extract from the input audio a set of

time-frequency parameters. These parameters are quantized and encoded in accordance

with a perceptual distortion metric. Depending on the system objectives and design

philosofy, the time-frequency representation may contain one of the following methods

[60]:

• unitary transform;

• time-invariant bank of critically sampled, uniform, or nonuniform bandpass filters;

time/frequency
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• time-varying (signal-adaptive) bank of critically sampled, uniform, or non uniform

band pass filters;

• harmonic/sinusoidal analyzer;

• source-system analysis (LPC/multi pulse excitation);

• hybrid transform/filter bank/sinusoidal/LPC signal analyzer.

The choice of time frequency-analysis methodology always involves a fundamen

tal tradeoff between time and frequency resolution requirements. The psychoacoustic

analysis delivers masking thresholds that quantify the máximum amount of allowable

distortion such that the quantization of the time-frequency parameters does not include

audible artifacts. Generally, the quantization and encoding sections exploit statisti

cal redundancies through classical techniques (ADPCM, VQ, PDF-optimized). Once a

quantized compact parametric set has been formed, remaining redundancies are typ

ically removed through entropy (lossiess) coding (arithmetic, Huffman, Lempel-Ziv).

Since the output of the psychoacoustic distortion control model is signal dependent,

most of the algorithms are inherently variable rate. Fixed rate requirements are usually

satisfied through buffer feedback systems [60].

2.3 State of the art

As we have stated before, speech and audio coding techniques can be roughly classi

fied into one of three categories, depending on the bandwidth of the considered signáis:

1. Toll quality. Normally used for speech. Limited to the frequency range of 300-

3400 Hz and sampled at 8 kHz.

2. Wide-band speech quality. Intended for speech .and audio signáis in the frequency

range of 50-7000 Hz and sampled at 16 kHz.

3. High quality. Used for speech and audio signáis within the frequency range of 20-

20000 Hz. The sampling frequency can be either 44.1 kHz (for CD audio quality)

or 48 kHz (for DAT audio quality).

In what follows, we will briefly overview the coding techniques in these three domains

through specific examples of some of the most extensively used standards: the ITU
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G.729 CS-ACELP [36]; the ITU G.722 audio coding within 7 kHz [35]; and the ISO/IEC

MPEG-1 audio coder for high quality applications [37].

2.3.1 Toll quality

The standard wireline quality of a telephone cali is nowadays achievable at 8 kbps by

making use ofthe ITU-T Conjugate-Structure Algebraic-Code-Excited Linear-Prediction

(CS-ACELP) coding standard [36]. The coder is designed to opérate with a toll band

width digital signal, sampled at 8 kHz with 16-bit linear PCM samples. The coder is

based on the Code-Excited Linear-Prediction (CELP) coding method [57, 29, 73, 30].

The CELP is an analysis-by-synthesis method for encoding speech signáis. Figure 2.3

presents the block diagram of the CELP encoder.

codebook

original
speech

CK(n) ..

1

Figure 2.3: Code excited linear predictor (CELP) scheme. The goal is to minimize

Yk(n) by selecting the best codebook entry.

The block diagram ofthe CS-ACELP encoder is shown in Figure 2.4. The coder operates

on speech frames of 10 msec (80 samples) each. The input signal is high pass filtered

and sealed in the pre-processing block. The pre-processed signal serves as the input

signal for all subsequent analysis. LP analysis is done once per 10 msec frame to

compute the LP filter coefficients. These coefficients are converted to Line Spectrum

Pairs (LSP) and quantized using a two-stage predictive VQ with 18-bits. The excitation

signal is chosen by using an analysis-by-synthesis search procedure in which the error

between the original and reconstructed speech is minimized according to a perceptually

weighted distortion measure. This is done by filtering the error signal with
a perceptual

weighting filter, whose coefficients are derived from the unquantized LP filter. The fixed

and adaptive codebook parameters are determined per subframe of
5 msec each. The
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quantized and unquantized LP filter coefficients are used for the second subframe, while

in the first subframe interpolated LP coefficients are used. An open-loop pitch delay

is estimated once per 10 msec frame based on the perceptually weighted speech signal.

The following operations are repeated for each subframe. The target signal, x(n), is

computed by filtering the preprocessed voice signal through the weighted synthesis filter

W(z)/Á(z). The initial states of these filters are updated by filtering the error between

the LP residual and excitation. The impulse response h(n) of the weighted synthesis

filter is computed. Open-loop analysis is performed to find a coarse estimation of the

pitch, using the impulse response, h(n), and the target signal, x(n). Then, the pitch

is refined by a closed-loop analysis to find the adaptive-codebook delay and gain. The

pitch delay is encoded with 8-bits in the first subframe and differentially encoded with

5-bits in the second subframe. The target signal, x(n), is updated by substracting

the (filtered) adaptive-codebook contribution. The new target signal x'(n) is used in

the fixed-codebook search to find the optimum excitation. The gains of the adaptive

and fixed-codebook contributions are vector quantized with 7-bits. Finally the filter

memories are updated using the determined excitation signal.

2.3.2 Wide-band speech audio

In 1986 the ITU proposed the standard G.722 for 7 kHz audio coding in the form

of a subband-ADPCM coder [35, 58, 59, 56]. It was initially developed for narrow band

ISDN teleconferencing systems, multi point interactive audiovisual Communications and

loudspeaker telephony. Figure 2.5 illustrates the structure ofthe ITU G.722 audio coder.

The ITU G.722 standard supports bit rates of 64, 56, and 48 kbps. This coder is

based on two identical Quadrature Mirror Filters (QMF) that divide the 16 kHz sampled

14-bit PCM signal into two critically subsampled (8 kHz sampled) components called low

subband and high subband. The filters overlap, and aliasing will occur because of the

critically subsampling. This problem is overeóme by the synthesis QMFs in the receiver,

which ensure that the aliasing products are canceled, in addition they also have a

stopband attenuation of 60 dB. The coding of the subband signáis is based on amodified

versión of the 32 kbps ITU G.721 ADPCM speech coder. Input samples are adaptively

predicted, the prediction error signal (difference) is quantized and transmitted. The

predictor coefficients are updated sample-wise under the control of the coded difference

signal, that is also available at the decoder. The quantizer is also adaptive and can
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Figure 2.4: Encoding principie of the ITU-T G.729 CS-ACELP encoder.

rapidly adapt itself to the changing statistics of the audio signal. High quality coding is

provided by a fixed bit allocation where the low and high subband ADPCM coders use

a 6-bits per sample and 2-bits per sample quantizer, respectively. In the low subband

the signal resembles the narrow band signal in most of its properties. A reduction of

the quantizer resolution to 5- or 4-bits/sample is possible to support transmission at

lower rates or auxiliary data at rates of 8 kbps and 16 kbps. Embedded coding is used

in the low subband ADPCM coding, i.e., the adaptations of predictor and quantizer are

always based only on the four most significant bits of each ADPCM codeword. Henee, a

stripping of one or two least significant bits from the ADPCM codewords do not affect

the adaptation processes. A transparent audio quality has been reported for the G.722

coder at 64 kbps [58]. Two different MOS valúes have been reported for the ITU G.722,

in [58] the author suggests a MOS of 4.1 and in [56] the author suggests a MOS of

3.3. For the present work, we will take the second as the MOS valué for the G.722.
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Figure 2.5: Structure ofthe ITU-T G.722 audio coder.

This measure will be found very useful for comparison in subsequent chapters. The

G.722 also proved to be error robust at the higher bit rates [58], 64 kbps and 56 kbps

respectively.

2.3.3 High quality coding

The goal of this section is to give a short introduction of the MPEG audio compres

sion scheme [37]. The MPEG audio compression is the first international standard for

compression of high-fidelity audio. The MPEG audio standard, adopted in 1992, results

from more than three years of work by an international committee of high-fidelity audio

compression experts within the Moving Pictures Experts Group (MPEG/audio). Al

though perfectly suitable for audio applications only, the MPEG/audio is actually one

of a three-part compression standard that also includes video and systems [37, 61]. The

MPEG audio coder is essentially derived from the adaptive spectral perceptual entropy

coding (ASPEC) [8] and the masking-pattern universal subband integrated coding and

multiplexing (MUSICAM) [24] algorithms. MPEG/audio is a generic audio compression

algorithm, which makes no assumption about the nature of the audio source. Instead,

the coder exploits the perceptual limitations of the human auditory system. Much of

the compression results from the removal of perceptually insignificant parts of the audio

signal. MPEG/audio offers a choice of three independent layers of compression. This

provides a wide range of trade-offs between CODEC complexity and compressed audio

quality. Layer I, the simplest, best suits bit rates above 128 kbps per channel. For ex

ample, Philips' Digital Compact Cassette (DCC) uses Layer I compression at 192 kbps.

Layer II has an intermedíate complexity and targets bit rates around 128 kbps. Possible

applications for this layer include Digital Audio Broadcasting (DAB) audio coding, and

the storage of synchronized video-and-audio sequences on CD-ROM. Layer III is the

most complex, but offers the best ratio between audio quality and data rate, particu-
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Figure 2.6: BlocJc diagram ofMPEG-1 Layer I and Layer II encoder.

larly for bit rates around 64 kbps per channel. This layer has been very successful in

many applications. For example, MPEG-1 Layer III has become the most widely used

standard for transmission and storage of compressed audio for both WWW and hand

held media [9, 78].

Layers I and II, presented in Figure 2.6, work as follows. The input signal is first

decomposed into 32 critically subsampled subbands using a polyphase realization of a

PQMF (Pseudo-Quadrature Mirror Filter) bank [77, 60, 82]. The channels are equally

spaced such that a 44.1 kHz sampled input signal is split into subbands of approxi

mately 690 Hz, with the subbands decimated 32:1. A 511th-order prototype filter was

chosen such that the inherent overall PQMF distortion remains inaudible. Moreover,

the prototype filter was designed for very high sidelobe attenuation (96 dB) to insure

that the intraband aliasing due to quantization noise remains negligible. For the pur

pose of psychoacoustic analysis and determination of JND (Just Noticeable Distortion)

thresholds, a 512 (Layer I) or 1024 (Layer II) point FFT is computed in parallel with

the subband decomposition for each decimated block of 12 input samples (8.7 msec at

44.1 kHz). Next, the subbands are normalized by a scale factor such that the máximum

sample amplitude in each block is unity. Then, an iterative bit allocation procedure

applies the JND thresholds to select an optimal quantizer from a predetermined set

for each subband. In each subband, scale factors are quantized using 6 bits each and

quantizer selections are encoded using 4 bits each. For Layer I encoding, decimated

subband sequences are quantized and transmitted to the receiver in conjunction with

side information [37, 61].

Layer II improves three portions of layer I in order to realize enhanced output

quality and reduce bit rates at the expense of greater complexity and increased delay.

Particularly, the perceptual model relies on higher resolution FFT. The máximum sub-
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Figure 2.7: Block diagram ofMPEG-1 Layer III encoder.

band quantizer resolution is increased, and the scale factor side information is reduced

while exploting temporal masking by considering properties of three adjacent 12-sample

blocks and optionally transmitting one, two, or three scale factors. Average MOS's of

4.7 and 4.8 were reported in [58] for one channel Layer I and Layer II operating at 192

and 128 kbps respectively.

Layer III MPEG (Figure 2.7) architecture achieves performance improvements by

adding several important mechanisms on top of the Layer I/II foundation. A hybrid

filter bank is introduced to increase frequency resolution and thereby better approximate

critical band behavior. The hybrid filter bank includes adaptive segmentation to include

pre-echo control. Sophisticated bit allocation and quantization strategies that rely upon

non-uniform quantization, analysis-by-synthesis, and entropy coding are introduced to

allow reduced bit rates and improved quality. The hybrid filter bank is constructed

by following each subband filter with an adaptive Modified Discrete Cosine Transform

(MDCT) [77, 51, 60]. This practice allows higher frequency resolution and pre-echo

control. For example, an 18-point MDCT improves frequency resolution to 38.3 Hz per

spectral line. The adaptive MDCT switches between 6-18 points to allow improved

pre-echo control. Shorter blocks provide temporal premasking of pre-echoes during

transients; longer block during steady-state periods improve coding gain, while reducing

side information and henee bit rates. Bit allocation and quantization of the spectral

lines are realized in a nested loop procedure that uses both nonuniform quantization and

Huffman coding. The inner loop adjusts the nonuniform quantizer step sizes for each

block until the number of bits required to encode the transform components falls within

the bit budget. The outer loop evaluates the quality of the coded signal (analysis-by-

synthesis) in terms of quantization noise relative to the JND threshold. Average MOS of

3.1 and 3.7 were reported in [58] for one channel Layer II and Layer III codees operating

at 64 kbps.
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2.4 Subband coding

Signa! compression, one of the main applications of digital signal processing, uses

signal expansions as a major component. When the channels of a filter bank are used

for coding, the resulting scheme is known as subband coding [82]. Driven by applications

like speech and image compression, subband coding was proposed by Croisier, et al. [20]

using a special class of filters called Quadrature Mirror Filters (QMF) in the late 1970's.

Due to the strong relationship between subbband coding and filter banks we will refer

to them as a single term during this short introduction.
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Figure 2.8: Magnitude response of a uniform M-band filter bank.

The time-frequency tool most commonly employed for mapping the time-domain

input signal to a set of quantizable frequency parameters is the filter bank. The fil

ter bank divides the entire spectrum into frequency subbands and generates a time-

indexed series of coefficients representing the frequency localized signal power within

each band. The filter bank provides us essential information about the distribution of

the signal and henee masking power over the time-frequency plañe. The filter bank

plays a very important role in the perceptual irrelevancies identification when used in

conjuntion with a perceptual model. Time-frequency parameters generated by the filter

bank provide a signal mapping that is manipulated to shape the coding distortion in

order to match the time-frequency distribution of the masking power. By decomposing

the signal into its frequency components, the filter bank also helps in the reduction of

statistical redundancies. For example, Figure 2.8 shows the magnitude response of a

uniform bandwidth Af-channel filter bank. The M analysis filters have normalized cen

ter frequencies (2k + 1)/2M and are characterized for individual impulse and frequency

responses (/i_(n) and Hk{uj) respectively, for 0 < k < M).
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Filter banks for audio coding are better described in tenas of an analysis-synthesis

framework, as shown in Figure 2.9. The input signal x(n) is processed at the encoder

by a parallel bank of (L — l)th order FIR bandpass filters Hk(z). The bandpass analysis

outputs

£-1

f_(n)=/»_(n)*x(n)=^x(n-rn)A.(ni), k = 0,1,...,M -1 (2.1)
m=0

are decimated by a factor ofM, yielding the subband sequences

y_(n) = vk{Mn)
L-l

= ^ x(Aín - m)h_(m), * = 0,l,...,Af - 1 (2.2)
m=0

which comprise a critically sampled or maximally decimated signal representation,

i.e., the number of subband samples is equal to the number of input samples. Because

it is impossible to achieve perfect magnitude responses with finite order bandpass filters

[66], there is unavoidable aliasing between the decimated subband sequences. Quanti

zation and coding are performed on the subband sequences yk{n) to yield y_(n). Then,

the decoder receives the subband samples y*(n), where they are upsampled by M to

form the intermedíate sequences

,
. f Vt (") , n = 0,Af, 2Af, 3Af, ...

«_(") = i
n _,

(2-3)
^ 0, otherwise.

In order to elimínate the imaging distortions introduced by the upsampling operations,

the sequences w_(n) are processed by a parallel bank of synthesis filters, _t_(n). Then,

the filter outputs are combined to form the overall output s(n). The filterbank's encod

ing/decoding mathematical description, in the absence of quantizers, is shown in the

foUowing equations

Vk(z) = Hk(z)X(z), * = 0,1,...,M-l

. M-l

Yk(z) = — £] Hk(z^fe^)X{z^e^)
o=0

. M-l

o=0

M-l M-l

*w =

¿EE ff*(«»jx(«*)G.w (2.4)
fc=0 a=0
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The 2-transforms of v(n) = (j. M)x(n) and u(n) = (f M)v(n) are provided in

[77, 80]. For perfect reconstruction filterbanks, as long as there is no quantization, the

output x(n) will be identical to the input x(n) with a delay, i.e., x(n) = x(n —

no).
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Figure 2.9: Uniform M-band maximally decimated analysis-synthesis filter bank.

As we have stated before, efficient coding performance depends heavily on ade-

quately matching the properties of the analysis filter bank to the characteristics of

the input signal. During the filter bank structure design for perceptual audio coding

applications, it is necessary to face the difficult tradeoff between time and frequency

resolution, because no single resolution is optimal for all signáis. Audio signáis are

highly non-stationary and contain significant tonal and non-tonal energy, as weil as

both steady-state and transient intervals. Due to this fact, an ideal coder should contain

an adaptive time-frequency resolution, i.e., a time varying filter bank whose structure

adapts according to the signal being processed. In short, a number of highly desirable

characteristics for audio coding using filter banks are

• Signal adaptive time-frequency tiling;

• Efficient resolution switching;

• good channel separation;

• strong stopband attenuation;

• perfect reconstruction;

• critical sampling;
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• availability of fast algorithms

We will review additional information about filter banks in the next chapter. We

will also address the strong connection between filter banks and discrete time wavelets.

For a deeper analytical development about filter banks the reader is referred to [77, 80,

68, 82, 79].

2.5 Transform coding

As we have previously mentioned in Section 2.1.1, in the área of waveform coding

there exists a very popular technique called transform coding. The ñame of transform

coding was first used by Jayant and Noll [41], but the idea was introduced by Kramer

and Mathews in 1956 [46]. Transfom coding can also be seen as a special case of

subband coding [80]. During this description, as in most of the cases, we will suppose

the transformation is orthogonal and linear. Figure 2.10 illustrates the general structure

of the transform coding principie, where T is a M x M invertible matrix that performs

the linear transformation [41, 29, 57, 70, 77, 82].

Let us suppose we have a block of consecutive samples of a stationary random

process that we wish to efficiently code using a specified number of bits. Let X denote

the length M sample vector

X(n) = [x(nM) x(nM - 1) x(nM
-

2) • • ■ x{nM
- M + l)]T (2.5)

These samples will tipically have substantial correlation and due to the stationarity of

the process they also have the same PDF; the same mean /. = 0, unless otherwise stated;

and the same variance o\ . The idea of transform coding is to perform a suitable linear

transformation on the input vector, X, and at the output we obtain a new vector, Y

also with M components, usually called transform coefficients.

A very important characteristic of Y is that its coefficients are much less correlated

than the original samples. In addition, the information may be much more compact in

the sense of being concentrated in only a few of the transform coefficients. Once the

statistical redundancy has been removed, we are able to quantize these coefficients in

a more efficient way2 It is very important to point out that every coefficient needs a

2There exists no general theorem that states that uncorrelated variables can be more efficiently

quantized than correlated variables. But as a matter of practice and experience Tansform Coding has

proved to be a simple and effective way of obtaining good compression [29].
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Figure 2.10: Structure ofthe Transform Coding principie.

different quantizer, since the transform coefficients may, in general, have different PDFs

[28, 57]. The reconstructed approximation to the original vector, X, is obtained by

performing the corresponding inverse operation on the quantized transformed vector,

Y, as follows

and

X = T_1Y

Y = TX

(2.6)

(2.7)

T_1 is called the inverse transform, which satisfies the condition T_1T = TT-1 = I,

where I is the M x M identity matrix. In addition, we can define an orthogonal

transformation as a linear operation in which the transformation matrix, T, satisfies

the orthogonality condition

r¥iT
rp—

1

(2.8)

where TT denotes the transpose of T. One of the most important advantages of or

thogonal transforms is that they prevent the propagation of the quantization noise [29].

If we express T in terms of its component vectors, TT = [to ti
■ ■ ■ tjvr-i], the recon

structed signal, X, can be written as the linear combination of the orthogonal columns

ofTT

M-l

X = _T Vi(n)ti (2.9)

t=0
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The t,- vectors are known as basis functions of the transform. They form the rows of T

and the columns of TT We say the transformation is orthonormal if the basis functions

have unity norm. An essential property of an orthonormal transform is its capacity to

preserve the power after the tansformation, also known as isometry property, where the

average variance of the transform (output) coefficients equals the variance of the input

[57]

M-l M-l

¿ E < =

J¡ £ Eí* (»» = ¿E{YTY} __ ¿E{XTTTTX}
i=0 t=0

M-l . M-l

= E{XTX} = £ E{x?(n)} = ^ £ 4(") = <4 (2-10)
»=0 i=0

2.5.1 Optimal Orthogonal Transform

As we have previously mentioned, the components of X are correlated with one

another. However, it is possible to select an orthogonal matrix T, for a given PDF

describing X, that will make Y = TX to have pairwise uncorrelated components.

The matrix that makes this linear transformation possible is called the discrete time

Karhunen-Loéve Transform (KLT) or the Hotelling Transform [29, 41, 51, 57, 70, 77, 82].

Let us denote the autocorrelation matrix of the input vector, X, as Rx = E[XXT]. Let

u¡ denote the eigenvectors of Rx (normalized to unit norm) and A¿ the correspond

ing eigenvalues. Since the correlation matrix is symmetric and nonnegative definite,

there are M orthogonal eigenvectors and the corresponding eigenvalues are real and

nonnegative. In general, during the indexing we put them in descending order

Ai > A2 > • ■ ■ > XM > 0

the Karhunen-Loéve transform matrix is defined as T = UT where

U = [ui u2 uM] (2.11)
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that is, the columns ofU are the eigenvectors of Rx- Then, the auto correlation matrix

of Y is given by

RY = E[YTT] = E[UTXXTU]

- E[UTRXU] =

( Ai 0 • ■ ■ 0

0 A2 ••■ 0

\ 0 0 • • • XM )

(2-12)

Thus we see that the KLT does indeed decorrelate the coefficients of the input vector.

The variances of the transform coefficients are the eigenvalues of the autocorrelation

matrix Rx- However, the KLT has the disadvantage of being signal-dependent, which

means that it must be recomputed for each different input signal. Furthermore, for

nonstationary signáis the transformation matrix, T, will be different from one frame

to another. There exists no fast algorithm for the implementation of the KLT. It

means that the product given by Equation 2.7 must be computed in the traditional

way. All these reasons make the KLT very inefficient. However, the KLT serves cis

a theoretical bound and reference for transform coding performance. For practical

purposes, other transforms possessing fast algorithms and efficient implementations are

employed. They all try to approximate the performance of the KLT. Some of the most

common orthogonal transforms are the Discrete Hadamard Transform (DHT) [41, 70],

the Discrete Fourier Transform (DFT) [66, 51, 41], the Discrete Cosine Transform (DCT)

[41, 51, 57, 70, 77], and the Discrete Wavelet Transform [18, 19, 34, 51, 70, 77, 82].

2.6 Quantization

In a digital system all signáis are represented els fixed point binary fractions. This

is a fc-bit binary representation of the signal. We usually refer to 6 as the wordlength of

the digital system. In a real life application, it is necessary to transform a time indexed

continuous signal or parameter (generally a random variable), s(n), into a v.alue, s(n),

taken from a finite set of possible valúes. In signal processing literature, we usually

refer to this operation as quantization3 Thus, we say that a scalar quantizer is a device

3The dictionary definition of quantization is the división of a quantity into a discrete number of

small parts, often assumed to be integral múltiples of a common quantity. This definition seems alike

to the previously stated one
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which takes an arbitrary real number and converts it to a 6-bit fraction according to

some arithmetic rules. Figure 2.11 presents the block diagram of a scalar quantizer.

s(n)

Figure 2.11: Block diagram of a quantizer.

There exist two necessary conditions that all quantizers must accomplish in order

to achieve optimality

1. Given a dictionary {i1 ■■• sL}, the best partition is that which satisfies

Pi = {_ : (s - s1)2 <(s- sj)2 Vj € {1 • ■ • L}}

This condition is also known as the nearest neighbor rule.

2. Given a partition {P1 ■ ■ ■ PL}, its best representatives are obtained by using the

centroid (or center of gravity) condition. This is caículated using the PDF within

the región P*

We can describe the quantization process analytically as s(n) — Q(s(n)). Unless

otherwise specified, we will assume that x(n) is a wide sense stationary process (WSS),

whose mean valué is zero and with a dynamic range restricted to —A < s(n) < A.

Furthermore, we will consider that we have a roundoff scalar quantizer that possesses

a midtread characteristic, where zero is one of the output representation levéis, i.e., the

origin is in the middle of a tread [29]. The output representation levéis of a midtread

quantizer are depicted in Figure 2.12.

The quantization step of a midtread quantizer is given by

* = 2¿~T (213)

Midtread quantizers possess an odd number of levéis, L = 2b -

1, and are often pre

férred to midrise quantizers4, since quantized valúes are not affected by small fluctu

ations around zero or "silence" intervals. As mentioned above, the scalar quantization

4In a midrise quantizer the origin is a boundary point that is equidistant from two adjacent output

points.

s(n)



26 Cí_APTEJ.2. BACKGROUND

Figure 2.12: Midtread quantizer characteristic.

procedure consists in mapping an incoming valué Si(n) onto an output valué which is

an integer múltiple of the quantization step

§i — sign(s¿(n)) Ni5 (2.14)

where iV¿ is the number of levéis necessary to represent s. and it is within the range

-26~- - i < JVj < 26_1 - 1. This number of levéis is caículated using the expression

Ni(n) =
\si(n)\ 1

6 2
(2.15)

where [y\ stands for the integer part of y. As we can see, this is a roundoff operation,

since round(y) = [y + \\ ■ During this process, some error is introduced .and we will

denote it as q(n). This error is usually called quantization noise and it is a random

variable commonly assumed to be WSS, uniformely distributed over the interval —8/2 <

q < 5/2. Its valué is

q(n) = s(n) -

s(n) (2.16)

It is necessaxy to point out that these assumptions are no longer valid when b is

small. If we assume that the number of quantization levéis, L, is large, it is possible to

obtain an analytical expression for the power (variance) of the quantization noise. This

expression is a function only in terms of the PDF, ps(x). This assumption is known as

the high resolution hypothesis [57, 29]. It states that the PDF can be supossed constant
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within the interval [í,-1,t'] and its representative valué can be taken from the middle

of the interval. Then, we can write

P$(x) » p»{¡4) for leir'.í*]

ff « ________]
(217)

WecaU

A(i) = é - t^1 (2.18)

the length of the interval is [í,_1, t%] and the probality that s(n) belongs to this interval

is given by

Pr(t) = Pr{S G [t*-1, .']} = p.(5«)A(t) (2.19)

The variance of the quantization noise is given by the expression

°\ = ¿>(Ó f (*- s'fdx (2.20)
i=i

■/t<"1

Using some algebra we can write

/ (x-st)2dx= x2dx =^ (2.21)
it<-l J-A(i)/2 12

-A(i)/2

then, using the previous expression with Equation 2.19, we obtain

12 12
(2.22)

»=i

As we can see in the last expression, the variance of the quantization noise depends

only on the interval length, A(¿). Now, let us suppose that s(n) has a uniform PDF

(p.(x) =

ja -i Ps
— 0 ,o2 = A2/3). Then, using Equation 2.22 we can show (see

Appendix A) that the quantization noise variance for a unifom PDF is given by

o2 A2

a2yÉ
=

jr> (2-23>

This result will be very useful in Chapter 5, for quantizing the transform coefficients

with a noise variance below the Just Noticeable Distortion (JND) threshold.

In the practice, we do not know the PDF of the signal, p_(x). To design a quantizer,

we have to use empirical data and a learning datábase. The learning datábase must be
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composed with a large number of the source representative samples. To overeóme this

problem and build a quantizer based on empirical data we use the Lloyd-Max iterative

algorithm. An explanation of this algorithm is out of the scope of this thesis, but a

detailed description is provided in [29, 57, 70].

By grouping source outputs together and encoding them as a single block, we can

obtain efficient lossy compression algorithms. This algorithm is called Vector Quanti

zation (VQ). We can say that VQ is a generalization of the scalar quantization. While

scalar quantization is primarily used for analog-to-digital conversión, VQ is more used

with sophisticaded DSP algorithms. A deep explanation of VQ is not among the goals

of this thesis, but the reader is referred to the excellent bibliography that exists in that

field [29, 57, 70].

q(n)

s(n)

Figure 2.13: Additive noise model ofthe quantizer.

2.6.1 Additive noise model

As we have already seen in Equation 2.16, the quantization error can be considered

as additive and the quantized signal is s(n) = s(n) + q(n), as presented in Figure 2.13.

Thus, by squaxing x(n) .and taking the mathematical expectation we find

o¡ = o2 + o2q+E{sq} (2.24)

If we maintain the previously mentioned assumption that the quantization noise, q{n),

is white (this assumption is valid only if L is large, i.e., 5 is small) then, as we know, it

is uncorrelated with y{n), which implies that E{sq} — 0. Then, using Equation 2.23,

the quantization process can be expressed by the aditive and input independent noise

model

2 2 ¿2
<ñ = °s + ^2 (2-25)

This means that the quantizer increases the variance of the input signal, s(n), by the

amount <S2/12. At low bit rates (1 or 2 bits/sample), the noise component is no longer

s(n)
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strictly additive and it is correlated with the input signal, _(n). However, the additive

components of q(n) are still the main source of perceptual degradation in the quantiza

tion process [12, 41].

2.7 Optimum bit allocation

Let us suppose that we have caículated a time invariant linear transformation,

Y(n) = TX(n). The output of this transformation is a vector of length M containing

the samples Y(n) = [Yo(Mn) Yi(Afn
-

1) • • • Ym-i(Mti - M + 1)] and we have

bM bits to quantify these transform coefficients. We will also suppose that these M

coefficients have mean /_.
= 0, variance E{Y{2} = o\., and that we know the PDF of

every Y.. On the average, every coefficient can be represented with a resolution of fe

bits, i.e., we have fe bits available for each coefficient. It is often desirable in practice

that fe be an integer, but it is sufficient if the product of the available bits per coefficient

multiplied by the number of quantizers (feAf) be an integer. As a distortion measure,

suppose that we know for every coefficient the expression for the mean squared error

o2. = E{\Yi
— _.|2}, given by the optimum scalar quantization of every Y.(n) and using

bi bits for each coefficient. The function o2, tells us how we can reduce the average

distortion by increasing the resolution, in other words, we have a "price-performance"

trade-off available. The "price" is the number of bits we allocate and the "performance"

is determined by the mean distortion that results.

Before starting, let us suppose that all the random variables are identically dis

tributed ([Yó(Afn)
■ • • Ya_-i(AÍ7i — Af 4- 1)]), that we know all the statistical properties

of each the random process and that the high resolution hypothesis developed in Sec

tion 2.6 is acomplished. The bit allocation problem consists in determining the optimal

valúes of fei, &_.•••- ¿>* subject to a fixed given quota, feAf, of available bits, in order to

minimize the power of the total distortion given by

_ M-l

D=M^<{bi) (226)
¿=o

under the constraint that

M-l

J3 fe¿ < bM (2.27)
i=0
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According to the high resolution property (see Appendix A) we can write

<72 =/i.4.2-26í (2.28)

where /i¿ is a constant that only depends of the PDF of each coefficient i. (see Appendix

A). In order to solve this problem, we make an assumption: the transform coefficients

have a Gaussian PDF, thus all the constants /i¿ will be identical and they will not

be modified during the linear transformation. If the reader is interested, the general

solution to this problem is presented in [29]. Therefore, the goal of the optimal bit

allocation is to minimize the expression

h
M_1

ñ.

i>=¿E^2"26, where
h=T* (229)

¿=0

The result that takes into account the constraint imposed by Equation 2.27 and

minimizes the distortion is given by (see Appendix B)

fe. = fe+ilog2^- (2.30)

Where fe is the average number of bits per coefficient and p is the geometric mean of

the coefficients variance

P2=[ 1W.I (2-31)

The minimum overall distortion attained with this solution is given by

i

(M-l
V M

n ^ 2~2b (2-32)

The overall distortion is the same that would be achieved if each random variable

had variance p2 and each quantizer were allocated fe bits. Note that the optimal bit

allocation is independent of the PDF of the random variables. Equation 2.30 shows

that the allocation to quantizer i exceeds the average allocation fe if the variance of

Yi is greater than the geometric average p2 of the variances. Conversely, if o2 is less

than p2. the bit allocation is less than the average allocation and if o2 is sufficiently

small, the allocation can be even negative. If we see in a different way Equation 2.32 it

means that, the optimum bit allocation solution consists in equalizing the variances of
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the quantization noise sources. This simple solution offers a very useful tool for efficient

bit allocation that is widely used in signal compression schemes [57, 29].

However, several remarks concerning this bit allocation procedure ought to be high-

lighted here:

1. The resulting 6. may not always be integers. In that case, they must be rounded

to integers.

2. Some fe¿ may be negative, in which case they must be set to zero.

3. The two previous remarks would lead to a reallocation procedure in order to satisfy

the constraint of a constant average bit rate of fe bits.

4. Small valúes of 6¡ viólate the noise model assumptions (white noise, uncorrelated

and uniformly distributed). In that case, the derived results may not be valid.

For instance, if o\. = 0 for any i, then expression 2.32 becomes zero.

2.8 Huffman Coding

TVaditionally, the last step in transform/subband coding is entropy coding. After

the output coefficients have been quantized, they take valúes drawn from a finit set

a.. The goal of entropy coding is to find a mapping of the symbols a. to a new set of

symbols 6¿, such that the average bits per symbol are minimized [29, 41, 70, 77, 82]. If

the quantized coefficients have a stationary PDF, as we have previously assumed, fixed

mapping techniques such Huffman coding can be used [70, 82]. If the statistics of the

coefficients evolve over time, more sophisticated adaptive methods, such as adaptive

Huffman coding or arithmetic coding can be used. For the present work we decided to

employ Huffman codes as the entropy coding method.

The Huffman codes are prefix codes and are optimum for a given model (set of

probabilities). The Huffman procedure is based on two observations regarding optimum

prefix codes:

1. In an optimum code, symbols that occur more frequently, i.e., have a higher

probability of occurrence, will have shorter codewords than symbols that occur

less frequently.

2. In an optimum code, the two symbols that occur least frequently will have the

same length.
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The Huffman procedure is obtained by adding a simply requirement to these two obser

vations, the codewords of the lowest probability symbols differ only in in the last bit.

That is, if a and /? are the least probable symbols in the alphabet, and if the codeword

for a was m * 0 the codeword for /3 would be m * 1. Where m stands for a string of

ones and zeros and "*" denotes concatenation. One of the ways of building a Huffman

code is to use the fact that such codes, due to the property of being a prefix code, can

be represented as a binary tree in which the external nodes or leaves correspond to the

symbols [29, 70]. The Huffman code for any symbol can be obtained by traversing the

tree corresponding to such symbol adding a "0" every time the traversa! takes us over a

predetermined direction (for example, left) and a "1" every time the traversal takes us

over the opposite direction. We build the binary tree starting with the leaf nodes. We

know that the codewords for symbols with the smallest probabiüty are identical except

for the last bit.



Chapter 3

Wavelets Fundamentáis

In recent years, few subjects have attracted as much attention in engineering and

mathemathics as wavelets have. There are various reasons for this: the topic itself

is very oíd and very new. Indeed, wavelets can be traced back to 1910 and Alfred

Haar, though they were not called wavelets at that time. Its underlying idea of linear

signáis expansión and its connection with the Fourier-based techniques date back to

the early part of 19th century and the great work done by the French scientist Joseph

Fourier. Although seeming dormant most of the part of this century, thanks to various

mathematical advances (such as harmonic analysis, which has many things in common

with wavelet analysis) wavelets made their debut in the mid-1980's. Wavelet based

techniques have been used in signal compression for almost two decades, sometimes

under a different ñame (subband coding) and somewhat in disguise. The wavelets

subject área is connected to older ideas in many other fields like puré and applied

mathematics, physics, computer science and engineering. If the reader is interested

about wavelets history, [23] provides a good start up. Wavelets is a field that can be

seen as a tree with roots reaching deeply and in many directions. Obviously, in this

chapter we do not try to cover the entire field, but the elements that will be necessary

to accomplish the goals established in Chapter 1. Perhaps, in some cases the reader

will notice a lack of formality or clarity, but references providing a deeper coverage of

the subject are provided.

33
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3.1 Fourier Analysis

In our common life, our attention is clearly attracted by transients and movements

as opossed to stationary stimuli, which we soon ignore. Concentrating on transients is

probably a strategy for selecting important information from the overwhelming amount

of data recorded by our senses. In spite of that, classical signal processing has devoted

most of its efforts to the design of time invariant operators, that modify stationary

signal properties. This has led to the hegemony of the Fourier transform, which we will

briefly present in this section.

The Fourier transform rules over linear time-invariant signal processing because

sinusoidal waves ewt are eigenvectors of linear time invariant operators. A linear time-

invariant operator L is entirely specified by the eigenvalues H(u):

Vwet, Leiut = H((j)eiut (3.1)

{eiu,ty

To calcúlate Lg(t), a signal g(t) is decomposed as a sum of sinusoidal eigenvectors

_€--:

/+oo G(w)eii,tdw (3.2)
-00

If g(t) has finite energy, the theory of fourier integráis [51] proves that the amplitud

G{w) of each sinusoidal wave eíut is the Fourier transform of g(t).

/+oo g(t)e-iutdt (3.3)
-oo

Applying the operator L to g(t) in Equation 3.2 and inserting the eigenvector ex

pression in Equation 3.1 gives

/+oo H{cj)G(w)eiutdu (3.4)
■oo

The operator L amplifies or attenuates the frequencies of each sinusoidal component

of eÍWÍ by H(cj). It is a frequency filtering of g(t). As long as we are satisfied with

linear time-invariant operators, the Fourier transform provides simple answers to most

questions. Its richness makes it suitable for a wide range of applications such as signal

transmission or stationary signal processing. However if we are interested in transient

phenomena (a musical instrument playing at a particular time, a ball in one of the

corners of an image), the Fourier transform becomes an inadequate and cumbersome

tool.
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3.1.1 Windowed Fourier Transform

Heisenberg's uncertainty principie states that the energy spread of a function and its

Fourier transform cannot be simultaneously arbitrarily small. Motivated by quantum

mechanics, in 1946 the Hungarian Nobel prize winner physicist Dennis Gabor defined

elementary time-frequency atoms as waveforms that have minimal spread in the time-

frequency plañe. To measure time-frequency "information" content, he suggested the

decomposition of signáis over these elementary atomic waveforms. By showing that

such decompositions are related to the human sensitivity of sounds, and that they

exhibit important structures in speech and musical recordings, Gabor demonstrated

the importance of localized time-frequency signal processing.

Gabor atoms are constructed by translating in time and frequency a time window,

which we will cali w

wu¿(t) = w(t - u)eift (3.5)

In the time domain, the energy of wu¿(t) is concentrated in the neighborhood of u over

an interval of size o., known as time resolution1 Its Fourier transform is a translation

by £ of the Fourier transform W{u) of w(t)

Wu¿(w) = W{u - fle-*»M (3.6)

The energy of Wu¿ (lo) is therefore localized near the frequency £ over an interval of

size ct_, that is also known as frequency resolution2 This interval measures the domain

where W_,f is non neglegible. In a time frequency plañe (í, w) the energy spread of the

atom wu¿(t) is symbolically represented by the Heisenberg rectangle depicted in Figure

3.1-(a). This rectangle is centered at (u,£) and has a time width ot and frequency width

<r_,. The uncertainty principie proves that its área satines

oio*, >
-

(3.7)

For a detailed demonstration of the uncertainty principie the reader is referred to [16,

51, 62, 77, 82]. This área is minimum when the window w is Gaussian, in which case

'The time resolution is defined as the capacity to discrimínate two pulses in time only if they are

more than at apart. Where, a¡ = j moi*...

2The frequency resolution is defined as the capacity to discrimínate two sinusoids in frequency only

if they are more than o_, apart. Where, o_, = / |vv(_.)|gdu."
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the atoms wu¿ are called Gabor functions. The windowed Fourier transform3 defined

by Gabor correlates a signal g with each atom wu¿:

/+OO
/-l-OO

g{t)wu¿{t)dt = I g(t)w(t - u)e-^dt (3.8)
-00 J—oo

It is a Fourier integral that is localized in the neighborhood of u by the window w(t— u).

The transform Sg(u,£) depends only on the valúes of g(t) and G(u) in the time and

frequency neighborhoods, where the energies of wu¿(t) and Wu¿(lü) are concentrated.

Gabor interprets this as a "quantum information" over the time-frequency rectangle

presented in Figure 3.1-(a).

When listening to music, we perceive sounds that have a frequency that varies in

time. In measuring time varying harmonics the windowed Fourier transform becomes

a very important tool in audio and speech applications. A spectral line of g creates

high amplitude windowed Fourier coefficients Sg(u,£) at frequencies £(u) that depend

on time u. The time evolution of such spectral components is therefore analyzed by

following the location of large amplitude coefficients. A real life application of the

previously described windowed Fourier transform in speech compression is presented in

[54].

3.2 Continuous Wavelet transform

In the late 1970's, Jean Morlet, a French geophysical engineer working for the oil

company Elf Acquitaine, carne up with an alternative for the STFT. In reflection seis-

mology, Morlet knew that modulated pulses sent underground have a duration that is

too long at high frequencies to sepárate the returns of fine, closely-spaced layers. The

signáis that he wanted to analyze had different features in time and frequency that he

wanted to sepárate. The traditional STFT were not useful for Morlet, in order to gain

time resolution for the high frequency transients, he could choose to do a wide-band

STFT; on the other hand, he also wanted good frequency resolution for the low fre

quency components and that would require a narrow-band STFT. But he wanted to

achieve both aims simultaneously (i.e., with one single transform). Morlet carne up

with the idea to genérate the transform functions using a signal (he used a Gaussian

windowed cosine wave) and compressing it in time to obtain a higher frequency func

tion. In order to investígate what happened at different times, these functions were also

3The windowd Fourier transform is also known as the Short Time Fourier Transform (STFT).
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Figure 3.1: (a)Time-frequency boxes (Heisenberg rectangles) representing the

spread of two Gabor atoms. (b) STFT tiling of the time-frequency plañe.
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shifted in time. The transform function depended on two parameters: the time location

and their degree of compression. Thus, the transform waveforms are simply obtained

by scaling and translating in time a single waveform that Morlet called une ondelette or

a wavelet [23]. This is how the Wavelet Transform (WT) was born, and the resolution

limitations of the STFT were overeóme by the WT.

Now, the WT lets us vary the time and frequency resolutions (o. and ct_ respectively)

in the time-frequency plañe in order to obtain a multiresolution analysis. Intuitively,

we can see the analysis as a filter bank structure. Under the restriction imposed by the

Heisenberg's principie, we can increase the time resolution with the central frequency

of the analysis filters. If we impose that cr_, must be proportional to w (^ =

n,

where k is a constant) the analysis filter bank is composed of bandpass filters with

constant relative bandwidth. It means that, the frequency responses of the analysis

filters instead of being regularly spaced over the frequency axis (like in the STFT case),

they are regularly spread in a logarithmic scale, as depticed in Figure 3.2-(b). This

property of the wavelet transform will be very useful later in this chapter for modeling

the response of human aditory system. It is important to remark that the constant

relative bandwidth analysis satisfies the Heisenberg's uncertainty principie, but now

the time resolution becomes arbitrarily good at high frequencies, while the frequency

resolution becomes arbitrarily good at low frequencies (see Figure 3.3-(a)). This kind

of analysis works best if the signal is formed by high frequency components of short

duration and low frequency components of long duration, which is generally the case

for speech and audio signáis [69].

The ContinuousWavelet Transform (CWT) exactly follows the previously mentioned

ideas. To analize structures of very different sizes, it is necessary to use time-frequency

atoms with different time supports. The CWT decomposes signáis over sealed4 and

translated wavelets. Mathematically, we define a wavelet as a function tp £ L2(E)
5

with a zero average

/+00 rp(t)dt = 0 (3.9)
•oo

It is normalized ||V>|| = 1, and centered in the neighborhood of t = 0. As mentioned, a

family of time frequency atoms is obtained by scaling t¡) by s and translating it by u,

4A11 the wavelets are defined as stretched or compressed versions of the same prototype.

5We say that x(t) belongs to the finite energy functions set L2(R) if /+" |a_(t)|2 dt < +00.
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r

frequency

Figure 3.2: División of the frequency domain (a) for the STFT and (b) for the WT.

where s, u _
K and s ^ O

^-Trfírr) (3.10)

These atoms remain normalized: HV'u.sll = 1- The CWT of a function g _ L2(R) at

time u and scale s is defined as

Wg(u,s) = <<^„,_) = J^g(t)-j=p (t^) dt (3.11)

where a* stands as the complex conjúgate for a. In accordance with the linear filtering

case, the CWT can be seen also as a convolution product

Wg(i /+°o
l /f_-A

g(t)j=P\—-)dt
= g*Mu) (3-12)

where

* "
7ur (t)

The Fourier transform of V>(í) is given by

(3.13)

(3.14)
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Since 'Í'(O) = fy^ ip(t) dt = O, it appears that * is the transfer function of a band pass

filter. Thus, we can say that the convolution of Equation 3.12 computes the wavelet

transform with dilated bandpass filters.

Like the STFT, the WT can measure the time evolution of frequency transients.

This requires using a complex analytic wavelet, which can sepárate amplitude and phase

components. In contrast, real wavelets are often used to detect sharp signal transitions.

For the present work, we will focus our attention only in real wavelets. If the reader

is interested in analytic wavelets, useful information can be found in [51]. In the time

frequency plañe, a wavelet atom ipUiS is symbolically represented by a rectangle centered

at (u,r¡/s), where 77 stands for the center frequency of *(_.). The time and frequency

spread are respectively proportional to s and 1/s. When s varies, the height and width

of the rectangle change, but its área remains constant, as illustrated in Figure 3.3-(a).

A real wavelet transform is complete and maintains an energy conservation, as long

as the wavelet satisfies a weak admissibility condition, specified by the Theorem 3.1

[51, 82, 77]. This theorem was proved independently by the mathematician Calderón

in 1964, and years later by Grossman and Morlet, who were not aware of the previous

work. The demonstration of this theorem is provided in Appendix C.

Theorem 3.1 (Calderón-Grossman-Morlet) Let ip G L2(R) be a real function

such that

í+°° ItfMI2
C+ = /

' V n
dw < +00, (3.15)

7o w

Any g £ L2(K) satisfies

9(t) = ~ í+° ¡+0CWg{u,s)^=é (t^ü) du% (3.16)
W Jo J-oo vlsl V s

'
s

and

/+°°
i r+oo r+oo j„

\9(t)\2dt = — / \Wg(u,s)\2du^ (3.17)
-oo W JO J-oo s

Like the STFT, the WT of a signal, Wg(u,s), is a two-dimensional representation

of a one-dimension signal g. Thus, the WT is a redundant representation whose redun

dancy is characterized by a reproducing kernel equation. Inserting the reconstruction
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Figure 3.3: (aj Time-frequency boxes of two wavelets ^>U)S and ipuo,so- When the scale

s decreases the time support is reduced, but the frequency spread increases and covers

an interval that is shifted towards the high frequencies. (b) Wavelet transform tiling of

the time-frequency plañe.
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formula (Equation 3.16) into the definition of the WT (Equation 3.11) yields

w«* s°> - £T feCCW9{u'
s)7w* (r?) *$)*-w *

(3.18)

Interchanging these integráis gives

1 f+°° ds

Wg(u0,s0) = -pr i K(u,u0,s,s0)Wg(u,s) du-, (3.19)
C'V ■'-oo

s

where

if (tí, tí0, s, S0) = (lpu,s,1puo,s0) (3-20)

The reproducing kernel __"(_,, ií_,s,so) measures the correlation of two wavelets ipUiS and

V_0>.0 [51, 82].

When Wg(u,s) is known only for s < so, to recover g we need complementary

information corresponding to Wg(u, s) for s > so- This is obtained by introducing

a scaling function <¡> that is an aggregation of wavelets at scales larger than 1. The

modulus of its Fourier transform is defined by

I*MI2 = F* |*(_w)|^ = r°°^ ^ (3-21)
Ji * Ju £

with £ = slj. The complex phase of $(_.) can be arbitrarily chosen [51]. In the next

section, we will verify that \\4>\\ — 1 and from Equation 3.15 that [51]

lim |$(__)|2 = Oj, (3.22)

The scaling function can thus be interpreted as the impulse response of a low-pass filter.

The low frequency approximation of g at scale s is

Lg(u, s) = Lt), -~ó (t^j \ (3.23)

3.3 Discrete Parameter Wavelet transform

As we have previously seen, in Equation 3.11 the parameters tí, s are continuous

variables and, as mentioned, there exists redundancy in the CWT representation of a

signal. That means that there is no need to compute the CWT for all possible valúes of
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u, s. Aditionally, it is of practical necessity that u, s take only a finite number of valúes.

In a different way, we could say that the wavelet family ipu,s(t) behaves in the analysis

and synthesis of functions like an orthonormal basis of L2(R). If we appropriately

discretize the time-scale parameters u, s and depending on the type oíip(t), we can obtain

a finite basis of functions that achieves perfect reconstruction. Though, sometimes duals

are required [69, 16, 68, 51, 77, 82]. The time-scale parameters can take any valúes,

but a special case oceurs when ti, s are samples of a dyadic grid, when certain ip(t) can

produce orthonormal ipu,s(t) = -4— ip (^j2), with tí, s discrete. Consequently, a signal

x(t) can be exactly synthesized as a weighted sum of these orthonormal basis functions,

as we shall see later.

When time-scale parameters tí, s are discrete and given by

s = Sq\ tt = n uo Sq1, where m, n € Z (3-24)

the discrete parameter wavelet transform (DPWT) is defined as

/+00 x(t)ipm,n{t)dt (3.25)
•oo

where the corresponding wavelets are

VVnW = s~fiP(somt -

nu0) (3.26)

From Equation 3.26, we can see that ipo,o{t) — ip(t), and that so, ¿o are constants that

determine the sampling intervals. It is important to note that we are still working with

continuous functions of time. An analogy of Equation 3.25 is the following [69]: first one

chooses the magnification, that is, s¿"m Then one moves to the chosen location. If one

looks at very small details, the magnification is large and corresponds to m negative and

large. Then s™ n corresponds to small steps, which are used to catch small details. From

this previous coments, it is necessary to analize different circumstances in which the type

of ip(t) and the sampling intervals for u, s permit to achieve perfect reconstruction

x{t) = C^2Ylcm,n ipm>n(t) (3.27)
m n

where C is a constant that only depends on ip(t).

Let us suppose that there exists oversampling. Then, Equation 3.27 will not only

hold, but moreover it is possible to have a non-unique representation of x(t) with respect
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to the same mother wavelet ip(t). Let Cm,n be the DPWT due to ü,s and c,-,- due to

ü, s, we have that

x(t) = C^^Cm^lpm^it)
m n

= ¿J^-m,» &.,„(«) (3.28)
m n

where ipm,n{t) and V>m,„(_) are as defined in Equation 3.26. Redundancy from oversam-

pling permits two distinct sets of wavelets, derived from the same mother wavelet, that

give exact but distinct synthesis of x(t).

If the sampling is sparse, Equation 3.27 is not valid. In this case, the theory of

frames6 [22, 21, 68, 16, 51, 82] describes the reconstruction conditions for the DPWT.

The objective is to develop conditions for ipm,n(t) that permit perfect reconstruction,

via duals if necessary. For convenience, let (t/>m,n(¿))V'm,nW) — L and let

/+O0 x(t)ipm,n(t)dt (3.29)
-oo

Now, let us suppose that the ipm<n do not constitute an orthonormal basis, i.e., Equation

3.27 is no longer valid. In this case, the conditions on the ipmin(t) that would allow the

altérnate reconstruction

X(*) = _C ___.
cm,n^m,n(<) (3-30)

Tfl 71

are: the ipm,n(t) must be elements of a frame and the tpm,n{t) must be elements of the

dual frame. If the ipm,n(t) form a frame, they must obey the inequality

A\\x(t)\\2<J2J2\Mt),iPmAt))\\2<B\\x(t)\\2 (3.31)
m n

with 0 < A < B < +00. The constants A, B are the frame bounds, and are dependent

only on the ipm,n(t), additionally x(t) € L2(K).

The bounds in Equation 3.31 ensure that the reconstruction is numerically stable,

in the sense that if (si(t),ipm¡n(t)) and (s2{t),ipm,n(t)) are approximately equal, then

necessarily the functions s\(t) and S2(t) should be approximately equal as weil. It is

possible to select tío, «o so that A « B. In that case the formula for duals is [16, 82]

x(t)«^EEw)-^^ ^>n(í) (332)
m n

6
The theory of frames provides the representation of a signal in terms of a set of basis functions

that are not necessarely orthonormal. Such functions must span the signal space.



3.3. DISCRETE PARAMETER WAVELET TRANSFORM 45

scale,

e

n-log.s

3( » •

2< » • •

• 11 > • • • •

-2 -1 0 1 2 3 4 5 6 7 8 9

time shift. u-2"^

Figure 3.4: The dyadic sampling grid in the time-scale plañe. Each dot corresponds to

a wavelet basis function ipm¡n(t).

The closer is A to B the better is the approximation. In general, the computation of

A and B is difficult. Estimates of the frame bounds for certain special wavelets are

available in [22, 51]. There exists no procedure for selecting the time-scale parameters

that leads to A « B for any ip(t). By definition [16, 51, 77, 82], a frame is tight if

A = B, then

*<*) = t _C ___>W> ^.»W> VW.W (3.33)

Additionally, if A = B = 1 the basis functions are orthonormal.

As mentioned, a practical sampling scheme is s = 2m, u = n 2m, i.e., so = 2, uo = 1,

then

lPm,n(t) = 2-Ti,(2-mt-n) (3.34)

with this octave time scaling and a dyadic translation, the sampled valúes of u, s are

as depicted in Figure 3.4. Since the Fourier transform of -j=ip(st) is —jr=,ip (7), the

center frequency and bandwidth of a wavelet are both sealed by 1/s for a time scaling of

s. Thus, as mentioned in the previous section (see Figure 3.2), the relative bandwidht

of all the derived wavelets is constant

_ center frequency
Q = —

;
——— = constant

bandwidth

This analysis is also known as "constant-Q analysis".

(3.35)
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Figure 3.5: Mallat's multiresolution analysis scheme.

The search for discrete parameters orthonormal wavelets has been a subject of intense

research [21] due to their obvious desirable properties and potential for a wide range of

applications. In the signal processing literature [16, 51, 77, 82] it is known that the only

non-trivial ones are those of Daubechies [21] constructed by recursion. There exists no

analytic expression for them.

3.4 Multiresolution Analysis

The idea of multiresolution analysis (MRA) is very related to subband decomposi

tion and coding, where for coding efficiency, a signal is divided into a set of frequency

bands. In Figure 3.5, the sequence x(n), for n = 0, 1, ■ ■ ■

,
N —

1, is bandlimited from

0 to 1. With lowpass (g{l)), highpass (h(l)) filters and decimation, the scheme pre

sented in Figure 3.5 decomposes x(n) into subband components d\, d\, ••• ,d% and

a¿, representing the coarsest, the dc component, as L -> oo. Assuming the absence

of quantizers, Figure 3.6 illustrates the signal reconstruction from a subband decom

position. The symbols t 2 and | 2 stand for subsampling and upsampling by two,

respectively. Subsampling by two is dropping every other sample in the sequence and

renumbering the sequence. Upsampling by two is inserting zeros between the samples

of a sequence and then renumbering. The scheme presented in Figure 3.5 produces fre

quency bands in contiguous octaves, as depicted in Figure 3.2-b. This octave división
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Figure 3.6: Reconstruction from subband decomposition.

corresponds to the MRA scheme ofMallat [52]. Besides giving a constant-Q analysis it

is also critically sampled7 The resolution of a signal is a qualitative term related to its

frequency content For a low pass signal, the lower its frequency content, the smaller is

its resolution. The frequency content or resolution of the approximation sequence ..JJ1,

output of the lowpass filters, decreases as m increases, until it reaches the dc component

a$5° of lowest resolution. The highpass (or bandpass) filters output dJJ1 are called the

high frequency detail or difference, which is the difference in resolution between a™-1

and a™

Downsampling by two a sequence is equivalent to compressing it by two. However,

since lowpass filtering must precede8 downsampling, it also halves the signal bandwidth

and reduces its resolution. The DPWT with dyadic sampling on the u, s parameters

also scales a sequence successively by two, thus we can establish a link between MRA

and the DPWT ofa signal [16]. The d% oíx(t) are the DPWT coefficients, _-„,„, defined

by Equation 3.25, with respect to an orthonormal, compactly supported set of wavelets,

ipm,n(t)- It is very important to remark that lowpass and highpass filter coefficients

determine the ip(t), not the reverse [21, 16].

7
The sum of data rates at all outputs (di, dl, ■■ ■ ,d¡¡ and <.£) equals the input data rate.
8This is not necessarily true. [77, 80] provide the noble indentities which allow the exchange of the

up-/downsampling operators with the filters to permit a highly efficient implementation.
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m

Figure 3.7: The first stage decomposition of the MRA.

3.4.1 Relationship Between Multiresolution Analysis and the DPWT

To establish a link between MRA and the DPWT, we must analyze the first stage of

the MRA decomposition of Figure 3.5, presented in Figure 3.7. Let x(n) be the samples

of g (A), which is the inner product of x(t) and (p(t
-

A). This inner product puts the

x(n) into the proper subspace, spanned by <p(t
—

n), so the dJJ1 are indeed the coefficients

of the DPWT, cn,,,, of x(t).

/+00 x(t)<p{t
-

n) dt (3.36)
-oo

where T = 1. We will demónstrate that if Equation 3.36 holds9 then d™ =

Cn,n. From

Figure 3.7 we see that

¿l = V2^2h{l) x(n
-

l) (3.37)
i

After subsampling and renumbering the sequence

4 = ¿in+p-i = V2£ h(l)x(2n +p-l-l) (3.38)
i

where the delay p— 1 is the filter order. Using Equation 3.36 with Equation 3.38 results

in

_

r+oo

d\ = V2 22Hl) / x(t)<p(t - 2n -

p + 1 + 1) dt (3.39)

9In practice this is not true because _(n) usually comes from a direct sampling of x(í), already a

lowpass signal. Thus, Equation 3.36 is not valid and d™ j- Cm,n of _(t). Instead, the d" equal the

cm,„ of function _(t) = £_ x(n)<j>(t -n). In spite of this, Equation 3.36 is a cióse approximation under

certain restrictions [16].
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By definition of the DPWT (Equation 3.25), for m = 1 with respect to a wavelet ip(t)

we have

/+oo x(-)Vi,nW dt (3.40)
-00

and from Equation 3.26

V-i,n(t) = ^(|-n) (3.41)

The condition for d\ comes from inserting Equation 3.41 into Equation 3.40 and equat-

ing the result with -3.39

*

ip(\-n\ =v^52M0^(í-2n-p+l + 0 (3.42)

Letting t/2 -n = t gives

V>(í) = 2v^53M0<A(2í-P + 1 + 0 (3-43)

i

Next,

ci,„
= y/2£ 9A2n + p

- 1 - i) (3.44)
i

From Figure 3.8 for m = 2 we have

dl = V^Y'H^ln+p-l-l
i

= 2^^M0_iWa;(4n + 3p-3-2Z-.) (3.45)
l i

since

c2,„
= 5/^x(í)V<(j-n) dt (3.46)

equating Equation 3.45 with -3.46 and using Equation 3.36

-iP (- - n\ = 2Y,Y. »(*)*(0¿(*
- 4n - 3p + 3 + 2l + i) (3.47)

^
'

l i

Now, using Equation 3.43 we obtain

Y,h(l)<l>(l-2n-p-rl+Í) = 2^^ §(i)^(0

<p(t-4n-3p + 3 + 2l + i) (3.48)
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(J2V-► «i

Figure 3.8: The mth stage decomposition of the MRA.

With t/2 -2n—p+l + l = t this simplifies to

0(í)=253¿(t)«¿(2í-p+l+z) (3.49)

Equations 3.43 and 3.49 are two-scale equation that define the functions (p(t) and ip(t),

via the decomposition filter coefficients. For perfect reconstruction, the synthesis filters

coefficients must satisfy the relationship (in the next section we will address the design

of perfect reconstruction filters.)

9(i)=_}(p-l-0

h{l) = h(p - 1 -

/)

(3.50)

(3.51)

Putting these into Equations 3.43 and 3.49 we obtain the classical two-scale equations

4>{t) = 2YJg{i)4>{2t-i) (3-52)
l

ip(t) - 2 53 h{l)ip{2t
- l) (3.53)

i

As previously stated, <p(t) is the scaling function associated with the low passfilter g(l),

so called because it serves to time-scale the sequence x(n). These two scale difference

equations are fundamental in the generation of orhonormal, compact support, discrete

parameters wavelets [21, 16, 51, 77, 82]. In preceeding paragraphs we have shown that

if Equation 3.36 holds, then Cn,n
= d™ for m = 1,2. We assumed the this result is

valid for all m without a proper demonstration. If the reader is interested [16] provides

a demonstration by mathematical induction.
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So far, we have only seen what happens in the time domain. Let '_'(_;), $(_;) be the

Fourier transforms of the wavelet and scaling functions respectively, and let

Gf(«) = 2_.(0«ÍW (3-54)
i

H(cj) = 53MOe*" (3-55)
l

The Fourier transform of Equations 3.52 and 3.53 are

•<«> = O (£)•(£) (3.56)

tM-_ (|)t(|) (3-57)

Iterating Equations 3.56 and 3.57 to infinity results in

oo

*(«) = *(o)nG(S) (3-58)
*=i

00

*(_.) = *(o)ir(gnc(j£i) (3-59)
*=1

If we normalize the scaling function by f <p(t) dt = 1, leads to $(0) = 1, and due to

Equation 3.58 G(0) = 1. Additionally, because of Equations 3.9 and 3.57 i_"(0) = 0.

3.4.2 The idea of multiresolution

Multiresolution analysis [51] is the decomposition of a signal x(t) into components

of different scales (frequencies). Associated with each scale (frequency band) there is

a subspace Vm. Thus, there is a piece oí x(t) in each subspace. For audio signáis this

scales are usually octaves. These subspaces are time functions which satisfy conditions

1 to 4 [77, 16]:

1. Containment. Vj C V,-+i, PIY. — W an(l \JVj = L2 The subspaces begin

with the nuil space and expand in scales of two to reach the space of all square

integrable functions. If a function _(.) is in Vj, then x(2t) is in V¿+i, and vice

versa.

2. Existence of orthonormal scaling functions. There exists a scaling function <p(t) _

Vo such that the set

{tm^*) = 2y<P(2~mt - n) : n.z} (3.60)

is an orthonormal basis that spans Vm
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Figure 3.9: Spectrum of subspaces.

3. Basis functions defined by two-scale difference equations. Since 4>o,n(t) spans Vo

and (pi,n(t) spans Vi and Vi contains Vo, then <fo,o(-) is a linear combination of

<¿i,n = y/2(p(2t-n), i.e.,

0(t) = 2£ ff(O0(2.-O (3.61)
í

which is a two-scale difference equation. Consider the spectra Vi and Vo in

Figure 3.9. The bandwidth of Vo(w) is one half that of Vi(w); in other words

Vi(e_) contains Vo(c-). The subspaces Wo and Vo are orthogonal because they

have no common frequency components and they are complementary to each other

in forming Vi(c-). Now since Wo C Vi, then, the wavelet function ip(t) whose

transíate ip(t
— n) span Wo, can also be written as a linear combination of ip\¡n

which span Vi(lü). Thus,

^,(í) = 2 53MO0(2í-O (3.62)
i

The generalization ofthis process is presented in Figure 3.10. Note that for clarity

purposes, the figure does not Alústrate the unit norm subspaces.

4. Existence of orthonormal wavelet functions. If we substitute Equation 3.62 into

Equation 3.34, yields

Í>m,n{t) = 21-T53/l(0^(21-mí-2n-0
l

Tpm,n(t) = v^53/i(0«¿m-i,2„+i(í) (3-63)
l

provided that 4>m,n{t) and ipm,n(t) are also orthonormal.
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Figure 3.10: Decomposition ofthe frequency spectrum into succesive subspaces (octave

bands). There is a scaling factor for Vj(w) and Wj(w) by 2^2, not depicted, to make

subspaces ofunit norm.

3.5 Perfect Reconstruction Paraunitary Filter Banks

In this section we will present a special kind of Perfect Reconstruction (PR) filter

banks that satisfy the lossiess or paraunitary property, which is basic to the generation

of the orthonormal wavelet basis.

An audio coding system is designed to produce signáis that are finally perceived by

a human listener. Additionally, most models of perception are based on a frequency

domain formulation and assume that any frequency response can be obtained by com

bining and weighting a given number of subband channels [10]. For this to be true,

the corresponding subband filters must be as selective as possible, approaching ideal

filters. Thus, the filter bank selectivity must be increased by some means. The most

natural solution to this problem is to let the impulse response of the filters be longer

than in the orthogonal transform10 case (Section 2.5). This will change the size of the

M x M orthogonal transform matrix T to an L x M matrix A, whose properties are

weil described in [79, 80]. The block scheme of the system is depicted in Figure 3.11,

where B represents the synthesis transform matrix. Under this situation, the length

of the basis functions is longer than the number of transform channels (L > M). At

the analysis, a temporal overlapping of L — M samples is introduced. In the absence

As stated in the previous chapter, transform coding can be seen as a special case of subband coding.
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Figure 3.11: M channel paraunitary transform.

of quantizers, the operations performed by the system are presented in the following

expression

X(z)

1

z-1

z~2

.

Z~{L~1]
.

[b0 bi ••■

bM-i]

ao

ai

1

z-1

z"2

a/ií-i

.

*~{L~l)
.

X(z) (3.64)

where a¡ are the analysis basis functions, b¡ the synthesis basis functions and x(n) a

partially reconstructed window of x(n).

3.5.1 Polyphase representation

An important advancement in multirate signal processing is the invention of the

polyphase representation. This permits great simplifications of theoretical results and

also leads to computational efficient implementations of decimation/interpolation fil

ters. If the reader is interested, [77, 79, 80] provide a deep coverage about polyphase

representation.

If we write the analysis filter as A¿(z) and the synthesis filter as Bi(z), for 0 < i <

M —

1; we can express these transfer functions as the M-term sums

M-l

Mz) = 53 Elk(zM)z-
k=0

(3.65)
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and

M-l

Bdz) = 53 __*(_*)«-<*-»-*)
fc=o

(3.66)

with this notation, the analysis filters can be written as

M*)

-Aaí-i(z)

E0>0(zM) Eo,i(zM)

[EM.lfi(zM) £M-l,l(2M)

E0,M-l(zM)

EM-i,m-i{zm)

additionally, the synthesis filters can be written as

, (M-L)

B0(z)

Bm-i(z)

_-(M-l)

_-(M-2) Ro,o(zM) RoAzM)

RM-i,o(zM) í_m-i,i(zm)

1

,-2

j-(M-l)

(3.67)

i*0,M-l(*M)

ÜM-l,M-l(^M)
.

(3.68)

Using vector notation, we can rewrite Equations 3.67 and 3.68 in a more compact way

a(z) = E(zM)d(z)

bT(z) = z-(M-^d(z)R(zM)

(3.69)

(3.70)

where d(z) = dT(z_1) is the paraconjugate11 versión of d(z). The delay z~(M_1) is

necessary to ensure the causality of the system. E(z) is called the analysis polyphase

matrix and R(z) the synthesis polyphase matrix. In the absence of quantizers, the anal

ysis and synthesis cascade results in the polyphase matrix product P(z) = R(z)E(z).

As for the orthogonal transform case, this product should be identical to the M x M

identity matrix to satisfy perfect reconstruction of the input, i.e.,

x(n) = x(n — L + 1) (3.71)

nIn [80] the paraconjugate is defined as d(z) = dj(z '), where '*' stands for the complex conjúgate.
In this case we are using filters with real coefficients, thus the complex conjúgate is not necessary.
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If R(z) is chosen as the paraconjugate of E(z) [10, 80], then

P(z) = É(z)E(z) = IM (3.72)

This result describes a PR scheme and is analogous to the one found in the orthogonal

transform case. Since the synthesis polyphase matrix R(z) = E(z) is noncausal, it can

be rendered causal by choosing it as

R(z) = z_KE(z) (3.73)

with K > LAÍ- The paraunitariness of E(z) is a sufficient, but not necessary condition

for PR.

3.5.2 Two-band FIR Paraunitary Filter Banks

As previously mentioned in Chapter 1, in this work we make use of the orthogonal

wavelet transform. Since there exists a cióse relationship between this transform and

two-band paraunitary filter banks [80, 77], we present this filter bank case here. A

two-band analysis/synthesis filter bank is shown in Figure 3.12.

(ÍIM^jHB

Figure 3.12: A two-band analysis/synthesis filter bank.

It can be demonstrated [77, 82, 80] that the reconstruction equation of this system can

be expressed as

*(*) = \{G{z)G(z) + H(z)H(z)]X(z) + \[G(-z)G{z) + H(-z)H(z)]X(-z) (3.74)

In order to have a linear transfer function T(z) for the whole system such that

X{z)
T{z) =

X(z)
(3.75)
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the aliasing components produced by the downsampling operation, the terms with

__"(—z), must be eliminated. This can be achieved by imposing the following condi

tions to the filters

G{z) = H(-z) (3.76)

H(z) = -G(-z) (3.77)

these choices are equivalent to the time domain expressions

g(n) = (-l)nh(n) (3.78)

A(n) = (-l)B+1_¡(n) (3.79)

Thus, T(z) simplifi.es to

T(z) = \[G(z)G(z) + H(z)H(z)). (3.80)

The input signal, x(n), is perfectly reconstructed ifT(z) is a constant magnitud function

[77, 82, 80]. In other words, there is neither amplitude distortion ñor phase distortion

of x(n) with respect to x(n). For this to be true, we must accomplish

T(z) = z-(L-1} L > 0 (3.81)

This expression is equivalent to the time domain relation given by Equation 3.71. The

output is simply a delayed versión of the input12 It must be clear that this condition

is imposed on the whole system, i.e., individual filters may have non-linear phase and

the whole analysis/synthesis structure still preserves linear phase and satisfies Equations

3.81 and 3.71. Ifwe assume that each ofthe analysis/synthesis filters can be decomposed

into their odd and even sample terms, we can write the filter equations in the polyphase

form given by Equations 3.65 and 3.66 with M = 2 and expressed as

'G(z)

H(z)
'

G(z)

H(z)

12
The output can also be a sealed versión of the input of the form x(n) = cx(n

— L —

1) with c_C

and c i- 0.

Eo,o{z2) _.0,i(z2)

Elfi(z2) _?x,i(z2)
(3.82)

--i

i?o,o(z2) i_o,i(z2)

i.i,o(z2) üi,i(z2)
(3.83)
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(SMS)
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(a)

Figure 3.13: Two-band filter banJc polyphase decomposition stages.
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Using Equations 3.69 and 3.70, we may also express the filter in vector form as [g h]T =

E(z2)d(z) and [g h]T = z_1d(z)R(z2). This situation is presented in Figure 3.13(a).

Then using the noble identities [77, 80], presented in Appendix D, we can move the

polyphase block to the middle of the structure by reducing their power factors, as

shown if Figure 3.13(b). The product of the analysis and synthesis polyphase matrices

P(z), previously given, is presented in Figure 3.13(c). To achieve perfect reconstruction

of the input signal x(n), we can choose the polyphase matrix to be

R(z) = z~KÉ(z) (3.84)

where K = ^y2-. This situation is illustrated in Figure 3.13(d). Using again the noble

identities, the delays z~K can be moved to the output of the filter bank, as depicted

in Figure 3.13(e). This last block diagram is filter bank characterized by the following

filter relations

G(z) = 1

G{z) = z-(-2K+1-
,

H(z) = z-1

H{z) = z~2K

This can also be easily shown by using Equation 3.80:

T(z) = l-[z~(2K+V + ,-!,-»] = z-(2*+D __ ,-(-1-1) (3.85)

Thus, the paraunitary choice of Equation 3.84 leads to perfect reconstruction, satisfying

Equation 3.71. The filters must satisfy the relation [10]

H(z) = -z~lL-VG{-z) (3.86)

which can be expressed in the domain as

Mn) = (-l)n+1h(L - 1 - n) (3.87)

Thus, with the help of Equations 3.76 to 3.79, the filter relations for the two-band

paraunitary filter bank are given in Table 3.1 Each filter is represented as a function

of G(z) in the z domain and in the time domain. Furthermore, the paraconjugation

operation has been directly replaced by z -> z_1 and, as mentioned before, the filters

are assumed to be real. Additionally, it must be noted that H(z) — z~^L~x">H{z),

meaning that the analysis and synthesis filters are the paraconjugate versions of one
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z domain

H(z) = _z-(L-1)q(_z-1)

G(z) =
.

z-(L-i)q(z-1}

H(z) = -G(-z)

Time domain

h(n) = (--l)n+1g(L -í-n)

ff(n) = g(L-l-n)

h(n) = (-í)n+1g(n)

Table 3.1: Two-band ñlter bank relations for perfect reconstruction.

another. Filters satisfying such relations are also known as conjúgate quadrature filters

(CQF) since they are half-band filters that possess mirrored magnitudes with respect

to uj = n/2 and maintain a complex conjúgate relation. Several techniques have been

proposed for the design of the low pass filter G(z), the discussion of this techniques is

out of the scope of this thesis. Among the most importants are spectral factorization

[21, 77, 80], autocorrelation optimization [10], lattice structure optimization [77, 80] and

modulated filters [77, 80, 82].

3.5.3 Tree Structured Filter Banks

Using the property that a cascade of paraunitary systems is also paraunitary [80],

the two-band paraunitary filters, analyzed in the previous subsection, can be cascaded to

form binary tree structures that still conserve the paraunitary property [80]. An example

of such a tree with two stages is shown in Figure 3.14. Using the noble identities, we

can move the sample rate converters and directly cascade the filters to obtain the filter

bank structure presented in Figure 3.15. If the prototype low pass filter G{z) has length

L and N is the number of bands of the tree structure (a power of
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Figure 3.14: Four-band tree structured filter bank (a) Analysis (b) Synthesis.
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Figure 3.15: Four-band filter bank. Parallel versión.



62 CHAPTER 3. WAVELETS FUNDAMENTALS

two, i.e. N — 2P), the length of the tree filters is given by

M = (L - 1)(_V - 1) + 1 (3.88)

At an intermedíate stage j, for 0 < j < p
—

1, the filter length can be computed as

M^ = (L-l)(2j+1-l) + l (3.89)

Therefore, the total reconstruction delay of a paraunitary tree structured filter bank is

M, and the output signal is given by x(n) — x(n
— M + 1).

3.6 Time-Frequency Auditory Mapping

As mentioned in Chapter 1, in this work we make use of a particular transform called

Wavelet Packet Transform (WPT) [19, 18, 34, 51, 70] that can be seen as a general

ization of the WT; which, as previously seen, performs an octave scale time-frequency

decomposition. In [19] Coifman et al. use the WPT to perform a non uniform time-

frequency decomposition of acoustic signáis. Although wavelets and wavelet packets

are still a field of intensive research, many aspects and properties are weil documented

nowadays [16, 17, 18, 19, 21, 22, 34, 51, 52, 68, 77, 82].

3.6.1 Orthonormal Wavelet Packet Transform

The Discrete orthonormal Wavelet Packet Transform (DWPT) can be implemented

using subtrees of an N-channel tree structured paraunitary filter bank [72, 81]. The

decomposition is simply obtained by pruning or suppressing some branches of the tree,

depending on the desired time-frequency resolution. The tree must be of the type

depicted in Figure 3.14.

Early in this chapter we presented the CWT. The case of the Discrete Wavelet

Transform (DWT), obtained from an actave tree, is alike. In the tree of Figure 3.16-(a)

the upper branches correspond to low pass prototype filters, at the outputs fs stands for

the sampling frequency. Another idealized time-frequency representation is the tiling,

which can be used to present the resolutions in the time domain and in the frequency

domain performed by the transform, as shown in Figure 3.16-(b). Finally, the idealized

magnitude responses ofthe DWT are shown in Figure 3.16-(c).

The more general case of the DWPT is presented if Figure 3.17. The tree of Figure

3.17-(a) shows the arrangement of the filters in order to obtain a time-frequency tiling
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0-U

n r

fs/16 fs/8

Figure 3.16: Three stage wavelet decomposition. (a) Filter tree structure (Mallat's

decomposition scheme). (b) Time-frequency tiling. (c) Idealized magnitud response of

the ñlter bank.

of the form depicted in 3.17-(b). The corresponding idealized magnitudes are presented

in Figure 3.17-(c).

Wave packet representations have been proposed as an extensión of the wavelet

transform. In a usual wavelet transform only the approximation (output of the low

pass filter) at a given scale is further decomposed. In contrast, in a wave packet decom

position [18], the 2-band wavelet filter banks are used to split both the low pass and

high pass bands. As already presented, this type of decomposition is presented by a

binary tree in which one has the freedom to stop or continué the decomposition at any

node [18].

3.6.2 Filter Bank Delay

The tree structure decomposition, with p stages, introduces at each stage a pro

cessing delay that has two components, as depicted in Figure 3.18. One is due to the
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Figure 3.17: Three-stage wavelet packet decomposition. (a) Filter tree structure. (b)

Time-frequency tiling. (c) Idealized magnitud response of the filter bank.

delay chain of the filter and the other to the powered polyphase matrix. Stage j, for

0 < j < p
—

1, contributes to the global delay by introducing the term

Aj(z) = Z~V z-V+^-D __ Z-2'(L-1) (3-90)

which is related to the prototype filter length L. It can be easily verified by inspection

that the local delay at stage j + 1 is twice that at stage j.

If the tree structure is prunned, the branches removed must be replaced by compensa

tion delays. This is only necessary in an analysis/synthesis system, since these delays

Figure 3.18: Delay contributions of one tree branch at stage j.
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are required for the perfect reconstruction of the input signal. The accumulated de

lay Ac¿(z), due to the removal of several consecutive branches, depends on the stage

remaining after pruning. If we assume this stage as being j, we have

p-i

Aej(*)= JJ A-(*) (391)

k=j+l

3.6.3 Human Auditory System Modeling

The Human Auditory System (HAS) can be seen as a filter bank with varying

frequency and time resolutions [31, 39, 60, 83]. The WPT, previously presented, lets us

perform such non uniform time-frequency decompositions. Our goal is to approximate

the HAS subband analysis, called critical band analysis13, using the WPT. In this

work, the critical band analysis, also known as Bark mapping, is necessary along with

the STFT for the estimation of the auditory masking thresholds.

As stated in Chapter 1, in this thesis we consider signáis sampled at 16 kHz and

band limited from 50 Hz to 7,000 Hz. Within this bandwidth there are approximately

21-critical bands. The critical bandwidth towards lower frequencies is around 100 Hz.

By using a six-stage tree structure decomposition a frequency resolution of 125 Hz can

be achieved. Thus, we will use a tree with 6 stages. The design of the prototype

filter G(z) influences the temporal and spectral selectivities of the transform. The

design procedure should consider two main aspects: the magnitude response of G(z)

and the filter length. Although these two features are related, they must be selected

to achieve sufficient frequency selectivity while avoiding too much temporal spreading.

Excessive temporal spreading could cause pre echos during the coding process. Finally,

the DWPT tree structure was selected to approximate as good as possible the critical

band decomposition performed by the ear. The selected tree structure is presented in

Figure 3.19, the comparison between the DWPT and the model of the HAS is presented

in Figures 3.20 and 3.21 respectively.

In [45, 48, 65, 71] a deep study on several different mother wavelets is performed by

the authors and they all conclude that the best wavelets for speech and audio coding

applications are Daubechies wavelets. In [65] the authors restrict the optimality of

13Critical band analysis and other subjects related to perceptual modeling will be presented in

Chapter 4.
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Figure 3.19: WPT tree structure to approximate the critical band decomposition ofthe

human auditory system.
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Figure 3.20: Critical band rate approximation. Comparison between the DWPT and

the human auditory system model.

Daubechies wavelets only to the case where there exists delay constraints. The filters

proposed by Daubechies [21] are the ones which preserve at best frequency selectivity

as the number of stages of the DWPT increase, this is due to their regularity property.

The wavelet DB5 is suggested by [12, 11, 13, 48, 75] because it allows to achieve a

good frequency separation with a reasonable filter delay and time spread (it only has

10 coefficients). Other Daubechies wavelets permit better frequency separation at the

expense of a higher filter delay or low time spread at the expense of poor frequency

separation [48]. With the help of Equation 3.89, we can conclude that the chosen WPT

tree structure introduces a processing delay of 35.5 ms.

The magnitude responses of the basis functions of the transform, corresponding

to the 21 critical band filters, are shown in Figure 3.22-(a). It can be easily seen

that the magnitude of the filters increases as they become narrower (see the first eight

lobules of the graph). This is due to the orthonormality property of the transform.

In addition, the magnitudes have also been computed from the mother wavelet DB10

(it has 20 coefficients) for comparison. Figure 3.22-(b) shows that even by increasing

(doubling in this case) the length of the filters, the most important secondary lobes do

not significantly decrease. It can be seen that for both kinds of filters an important



68 CHAPTER 3. WAVELETS FUNDAMENTALS

104

102

10' 102 103 10"
Center frequemsy [Hz]

Figure 3.21: Critical bandwidth approximation. Comparison between the DWPT and

the human auditory system model.

amount of overlapping does exist in the frequency domain between different subbands.

This was consider to be a strong limitation to the use of such decomposition to calcúlate

the masking thresholds. For this reason we decided to use the classical STFT method to

calcúlate such thresholds, though there are authors that report successful results using

the DWPT method [13, 75].

Once the transform has been chosen, its time-frequency resolution remains fixed.

The time frequency tiling correspoding to this transform is shown in Figure 3.23.

The gain factor in each critical band depends on the stage of transform from which

the coefficients Xi are extracted, where . stands for the coefficient number. Since we

use an orthonormal transform, it is different at each stage. As we have previously

highlighted, the effect can be observed in Figure 3.22. The two channel paraunitary

transform introduces a gain of y/2 in each of the subbands. Using the stage number j,

depicted in Figure 3.23, this gain can be simply computed as

A„(j) = (V2)j+1 (3.92)

HAS model

WPT approximation
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Figure 3.22: Magnitude responses of the chosen wavelet packet transform for a) the

mother wavelet DB5 (10 coefficients) b) the mother wavelet DB10 (20 coefficients).
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Figure 3.23: Time-frequency tiling of the 21-critical band decomposition using the dis

crete wavelet packet transform. In the figure, j stands for decomposition stage, and k

for the critical band number.

Thus, for 16-bit quantized samples, the amplitude of the transform coefficients has the

bounds

-Kk{j)2íb<Xi<kk{j)2
15

(3.93)



Chapter 4

Auditory System Modeling

The goal of signal compression can be defined as the twofold search to achieve a

low bit rate digital representation of an input signal while maintaining as minimum

degradation as possible. During that search in the digital representation of a signal, it

is essential that we design a coding algorithm that minimizes a perceptually meaningful

measure of signal distortion, instead of the more traditional and more tractable criteria

such as the mean squared difference between the waveforms of the input and output

signáis. A key issue of this idea is the notion of distortion (or noise) masking, whereby

the distortion that is inevitably introduced in the coding process, if properly distributed

or shaped, is masked by the input signal itself. The masking can be partial or total,

leading either to a system with increased quality compared to a system without noise

shaping, or to perfect signal quality that is equivalent to that of the uncoded signal.

In either case, the masking oceurs because of the inability of the human perceptual

mechanism to distinguish two signal components (one belonging to the signal, and the

other one belonging to the noise). In the case of acoustic signáis, this oceurs in the same

spectral or temporal locality. An importat consequence of this limitation is that the

perceptibility of noise can be zero even if the objectively measured local signal-to-noise

ratio (SNR) is low. Ideally, the noise level at all points in the signal space is exactly at

the level of just noticeable distortion (JND). This corresponds to perfect signal quality

at the lowest possible bit rate. This bit rate is a fundamental limit to which we can

compress the signal with zero perceptible distortion. We cali this limit the perceptual

entropy. A signal coding algorithm that is based on the criterion of minimizing the

perceived error is called a perceptual coding algorithm.

In this chapter we will review the main aspects of human audition and their useful

71
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mathematical models. We start with some general aspects of hearing, the anatomic

structure of the ear and modeling the behavior of the cochlea. Next, we present audi

tory masking by giving the notions of auditory scales and masking thresholds. Then,

we explain the calculation procedure of the perceptual entropy and of the masking

threshold.

4.1 General Aspects of Hearing

The auditory system allows human to detect different frequencies of sounds (puches1)

and to localize sounds in space. Sound is generated by mechanical vibrations that gen

érate pressure waves in some médium (for example, air). These pressure waves travel

through the médium in a way that depends on the physical characteristics of such

médium. For example, sound travels through air at a speed2 of 340 m/s. The pressure

waves generated by sound set up vibrations in the tympanic membrane ofthe ear, which

in turn are transmitted through the middle ear to the cochlea. Therefore, sound per

ception is essentially a special form of vibration sensitivity. Among the most important

aspects of sound we have the spectral content and the intensity. The spectral content

can be defined on the basis frequencies of the sinusoidal waves comprising a sound. As

mentioned in previous chapters, humans are sensitive to sounds in the range of 20 to

20,000 Hz [39, 76, 83].

Sound intensity is defined on the basis of relative forcé. The measure is relative

because it is with respect to the threshold for auditory perception. Sound intensity

is referred to this threshold using decibels sound pressure level (SPL) as the unit of

measurement. Human can distinguish differences in sound intensities ranging from 0 up

to about 120 dB(SPL), i.e., the HAS has a dynamic range of 1 to 1 million [76]. Another

important aspect of sound is loudness, which is a perceptual magnitude. Loudness can

be defined as that attribute of auditory sensation in terms of which sounds can be

ordered on a scale extending from quiet to loud [31]. There are two commonly used

measures of loudness. One is loudness level (unit phon) and the other is loudness (unit

soné) [31].

'The American Standards Association defines pitch as that attribute of auditory sensation in which

sounds may be ordered on a musical scale. Pitch bears a cióse relationship with frequency: while

frequency is an objective physical measure, pitch is a subjective perceptual measure [31].
2
This speed varies and depends on the air temperature, pressure and humidity.
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Figure 4.1: Anatomy of the ear. The ear is mainly composed of three parts: the outer

ear, the middle ear and the inner ear.

4.1.1 Anatomy of the ear

The anatomical structure of the ear consists of three successive parts: the outer

ear, the middle ear and the inner ear. Sound waves enter the ear through the pinna

and the external auditory canal, causing the tympanic membrane (eardrum) to vibrate.

The vibrations are conducted from the tympanic membrane to the oval window of the

cochlea via the ossicles, the three small bones of the middle ear, which include the

malleus (hammer), which is attached to the tympanic membrane; the incus (anvil); and

the stapes (stirrups), which is pressed against the membrane covering the oval window

of the cochlea, see Figure 4.1.

The transduction of sounds to neural activity oceurs in the cochlea. The cochlea is part

of a complex set of cavities in the petrous portion of the temporal bone called vestibulo-

cochlear labyrinth. The cavities in the bone are calle the bonny labyrinth. Within these

is a set of epithelial3 membranes that form a membranous labyrinth that contains the

sensory neuroepithelium [76].
3
A membranous cellular tissue that covers a free surface or lines a tube or cavity of an animal body

and serves especially to endose and protect the other part of the body.
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The components of the vestibulo-cochlear labyrinth are the cochlea, the utricle, the

sacule, and three semicircular cañáis. The cochlea, depicted in Figure 4.2, is essentially

a spiral tunnel through the temporal bone, which contains the specialized receptor

apparatus. The cochlea is divided into three, parallel, fluid-filled compartments: the

scala vestibuli, scala tympani and scala media. The overall appereance of the cochlea

is like a snail's shell that coils two and a half times. The tunnel narrows from a large

end where the oval and round windows are (the base) to a narrow end (the apex).

The tunnel of the cochlea is divided into two more or less equal longitudinal chambers

scalae by the basiliar membrane, this last has a length of approximately 35 mm. The

two chambers are termed the scala tympani and the scala vestibuli. The Reissner's

membrane attaches near the midpoint of the basilar membrane and extends to the wall of

the tunnel, forming a third, small, triangular compartment called the scala media. The

floor of this triangular compartment is formed by the organ of Corti, a highly specialized

neuroepithelium that contains the auditory receptor cells (the cochlear hair cells). The

scala vestibuli and the scala tympani are filled with a fluid termed perilymphatic fluid.

The two chambers are connected via a small opening at the apex of the cochlea, termed

the helicotrema, so the fluid composition of the two chambers is identical [76].

The external ear directs sound waves towards the eardrum. The tympanic membrane

together with the ossicles in the middle ear transform the large-amplitude, low-force,

airborne waves into small-amplitude, high forcé vibrations of the membrane at the oval

window. The most relevant of the middle ear tasks is this impedance matching which

consists in adapting sounds in the air to sounds in the cochlear fluid. Then, the vibration

of the stapes, that is produced by sounds, puts oscillating pressure on the membrane

covering of the oval window and sets up vibratory waves in the fluid in the scala vestibuli

of the cochlea. These waves are transmitted throughout the cochlea, ultimately causing

oscillations of the membrane of the round window of the scala tympani. These fluid

oscillations cause the basilar membrane to vibrate, which in turn causes small deflections

of the stereocilia of the cochlear hair cells [76].

4.2 Cochlear Mechanics

The stapes produces vibration of the membrane of the oval window, leading to

vibratory waves in the fluid environment of the cochlea. The vibratory waves in turn

produce a vibration of the basiliar membrane. Because of its properties, the máximum
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Figure 4.2: Anatomy of the cochlea. This image is a magnification view ofa transversal

cut of one turn of the coil.

vibration of the basiliar membrane oceurs at specific locations depending on the sound

frequency, see Figure 4.3.

The physical property that determines the basiliar membrane function is the mem-

brane's width. The membrane is narrowest at beginning the of the cochlea nearest the

round and oval windows and becomes progressively wider towards the apex. The differ

ences in width result in differences of the tautness of the membrane per unit área. The

more taut, the narrow portion of the basilar membrane resonates at high frequencies,

whereas the less taut, the wide portion in the apex resonates at low frequencies. The

actual spatial pattern of vibration is in the form of a traveling wave [76]. The basiliar

membrane vibrates at the same frequency of a tone being heard. The deflections begin

at the oval window and travel in a wavelike fashion down the cochlea toward the apex,

henee the term traveling wave. The shape of the traveling wave, the distance that it

travels, and its position of maximal deflection are all dependent of the sound frequency.

High frequencies produce narrow waves that are maximal near the oval window and

are quickly damped in more apical regions. Low frequencies produce much wider waves

that travel further toward the apex and produce maximal deflections apically. From
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Figure 4.3: The basilar membrane. The vibration ofthe stapes produces vibratory waves

in the fluid environment of the cochlea. The figure presents an uncoiled illustration of

the cochlea and a wave traveling.

this we conclude the extraordinary operation of the basilar membrane as a mechanical

acoustic spectrum analyzer, transforming the displacement of the oval window into a

spatial array of basilar membrane deflections. Transduction of vibrational energy into

neural activity oceurs in the organ of Corti, a highly specialized neuroephitelial sheet

made up of of sensory receptor cells, called hair cells. Hair cells are so called because of

the stereocilia that extent from the apical surfaces of the hair cells to become embedded

in the overlying tectorial membrane. There are two types of hair cells, inner and outer,

that refer to the relative proximity to the modiolus. Inner cells are found on one row

in one side of the row of inner pillar cells, the outer hair cells are found in three rows

on the opposite side of the inner pillar cells. The stereocilia of hair cells are anchored

to the gelatinous material of the tectorial membrane. As a result, when the basilar
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membrane vibrates in response to sound, the hair cells are deflected. The morphology

of the stereocilia varies along the length of the organ of Corti. The stereocilia at the

basal end of the cochlea (high frequency) are very short, whereas the stereocilia at the

apex (low frequency) are long. These physical differences correspond to frequencies of

vibration that the stereocilia experience [76].

4.2.1 Tone Behavior

The basilar membrane is complex non linear structure. For clarity, it is convienient

to sepárate its behavior in the presence of single-tone sounds (puré sinusoids) from that

of multi-tone sounds (sum of sinusoids). We will attempt to simúlate the mechanical

behavior of the cochlea based on macro-mechanical models of this organ. In [10] the

author mentions several different models of the cochlea. Here, we present one of those

models which considers the basilar membrane as a two dimmensional tapered transmis

sion fine, i.e. an electrical transmission line, whose geometry and impedance changes

with length [25].

Single-Tone Behavior

As previously mentioned, the basilar membrane length x varies between 0 and 35 mm

and the human audition range is 20 to 20,000 Hz. Then, the displacements of the

membrane, considered relative to the base in the oval window (x = 0), can be computed

using the expression

d(f,z) = e/2[5.765.10-i°-0.0039(l+100z)e-i°°*y(0 0975/2 e_i00_)2

~

(Q.033125/ e'™*)2

(4.1)

where

z = \/0.035 -

x

Here / is in Hz and x in m. Several relative envelope magnitudes are presented in

Figure 4.4, for / = 18000, 4900, 990, 150 Hz sinusoidal tones. The curves have been

normalized with respect to their máxima. They are strongly magnified in comparison

with actual physiological membrane displacements.

To each input tone corresponds a weil localized maximal deflection of the basilar

membrane along its length. In Figure 4.4, the peak locations appear at 0, 10, 20 and
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Figure 4.4: Envelope of the traveling wave appearing on the basilar membrane for

f = 19000, 4900, 990 and 190 Hz (from left to right).

30 mm from the oval window for the four decreasing frequency valúes. Thus, as already

mentioned, the basilar membrane behaves as a nonuniform transmission line performing

a coarse spectrum analysis of the sounds fed into the ear.

By varying / in Equation 4.1 instead of x, we obtain the tuning curves presented

in Figure 4.5. The membrane locations have been chosen such that the resonance

frequencies are / = 19000, 4900, 990 and 190 Hz, as previously, leading to x — 4.675,

12.9, 22.1 and 29.9 mm. With the exception of the last location valué (x — 29.9 mm),

it is easy to see that the resonance locations are situated behind the points where the

maximal basilar membrane displacements occur, i.e., the peak of the traveling wave

does not exactly correspond to the resonant site of the cochlea.

Multi-Tone Behavior

In a real listening context the ear is submitted to complex sound excitations like,

music or speech, rather than to single tone experimental situation described in the

previous subsection. The basilar membrane envelope behavior for múltiple tone com

binations is given by the nominal limit of motion of the membrane [83]. This valué is
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Figure 4.5: Envelope of the traveling wave appearing on the basilar membrane versus

input frequency for x =4.675, 12.9, 22.1
and 29.9 mm (from left to right).

caículated by taking the square root of the sum of the squared envelopes due to each

excitation tone. The addition rule of the of individual components is based on energy

considerations [10, 83]. The basilar membrane presents a mechanical deflection
which

is an image of the sound power (as verified by transmission line models). Figure 4.6

shows the idealized multi-tone response of the basilar membrane
to the combination of

the four tones previously employed at / = 19900, 4900, 990 and 190 Hz. It can still be

seen that the peaks due to the individual components still remain weil localized along

the membrane.

4.3 Masking

Masking refers to a process where one sound is rendered inaudible because of the

presence of another sound. Masking plays a very important role in our life, for example,

for a conversation on a quiet street little speech power is necessary for the speakers to

understand each other. However, if a loud car passes by, the conversation is severely

disturbed: by keeping the speech power constant, the listener can no longer hear the

speaker. One way of overcoming this phenomenon
ofmasking is by raising the speaker's
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Figure 4.6: Envelope of the traveling wave appearing on the basilar membrane for a

combination of f = 19000, 4900, 990 and 190 Hz tones.

voice to produce more speech power and consequently greater loudness. Similar effects

take place in most pieces of music. One instrument may be masked by another if one

of them produces high levéis while the other remains faint [60, 83].

To measure the effect of masking quantitatively, the masking threshold is usually

determined. The masking threshold is the sound pressure level of a test sound (normally

a sinusoidal test tone), necessary to be just audible in the presence of other sounds.

The notion of masking threshold is very important in the context of signal coding,

since such threshold determines how much quantization noise can be introduced in the

coding process without producing audible disturbances. The added noise is said to be

masked if it lies below the masking threshold. Some thresholds are static and are strictly

related to the physiological resolution of the auditory system, such is the case of the

absolute threshold of hearing. On the other hand, dynamic thresholds take into account

that fact that the presence of some sounds can raise the level or threshold at which

other simultaneous sounds are normally perceived. In the psycoacustical literature,

we usually refer to the former sounds as maskers, while the later ones are the maskees.

Such thresholds always lie above the absolute threshold of hearing. The masking sounds

may be wide-band noises, narrow-band noises, puré tones, harmonic series or even



4.3. MASKING 81

combinations of them [40, 60, 83].

4.3.1 Absolute Threshold of Hearing

The absolute threshold of hearing, also known as threshold in quiet or absolute

threshold, characterizes the amount of energy needed in a puré tone such that it can

be detected by a listener in a noiseless environment [60]. This threshold is frequency

dependent and is typically expressed in terms of dB SPL, as can be seen in Figure 4.7.

It is measured in quiet by presenting puré tones to subjects either through earphones

or free field conditions. Further information on how to measure this limit is provided

in [83]. The free field conditions are more realistic, since it takes binaural perception

and body diffraction (head, pinna and ear canal) into account. The reproducibility

of the threshold in quiet for a single subject is high an lies normally within ±3 dB.

As can be seen in Figure 4.7, the maximal acoustical sensitivity is reached between 2

and 5 kHz, which roughly corresponds to the mechanical resonance frequency of the

ear canal. Hearing deteriorates with age, producing a raise of the absolute hearing

threshold, mainly at frequencies above 1 kHz. The threshold presented in Figure 4.7

corresponds to a sensitive young listener (20 years approximately), provided that he has

not been exposed to sound levéis that produce a hearing loss [83].

The absolute threshold of hearing is weil approximated [60] by the non linear function

T(/) = 364 (íM)" - 6-5e-°-6(^-3"3)2 + 10"» (¿)4 [dB] (4.2)

where / is in Hertz. In what follows, Equation 4.2 will be used to perform operations

where a model of the hearing threshold is required. A real implementation of this

threshold is a very delicate task, since it requires perfect knowledge of the play-back

sound level. This requires tracing signal processing systems to sound pressure levéis at

the listener and fixing electroacoustical transducers and level controls [10].

4.3.2 Masking of Puré Tones by Broad-Band White Noise

The analytical properties of the auditory system can be investigated by measuring

its ability to detect puré tones in the presence of wide-band white noise. This can be

done by generating a white noise signal at a given level Lm and then present puré

tones to listening subjects [83]. The pressure level Lm at which tones are just perceived
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Figure 4.7: Idealized absolute threshold of hearing.

defines the masking threshold under white noise conditions. Simplified curves obtained

through this process are shown in Figure 4.8 for different background noise levéis. Such

curves represent an approximation to the psychoacoustical results presented in [83] and

are computed here as the máximum between the absolute threshold of hearing and the

expression

Lm(f) = 10 log(l + f ) + LM + 17 [dB]
/o

(4.3)

where /_ = 500 Hz. We can highlight several points after observing the thresholds of

Figure 4.8

• The curves are parallel and equidistant to each other.

• They meet the threshold in quiet at very low and very high frequencies.

• They uniformely rise by 10 dB as the noise level is increased by 10 dB.

• They are approximately flat up to 500 Hz.

• They increase by approximately lOdB par decade beyond 500 Hz.



4.3. MASKING 83

100 -

90 -

*

80 \

70 -

m

2.
60-

_i

CL

tO
50-

0>
c

s
40-

2 30-

20-

10-

0
-

-10 -

Frequency [Hz]

Figure 4.8: Detection ofpuré sine waves in wide-band white noise. The dashed curve

represents the absolute threshold ofhearing.

Masking of a tone by broad-band noise is normally accomplished by a set of frequency

components in a band surrounding the test tone [10]. According to the curves depicted

in Figure 4.8 it can be deduced that the width of such bands must be almost constant

up to 500 Hz and then, since masking becomes stronger, increase by a certain factor

beyond that frequency. This bands are called critical bands [60, 39, 83]. For a given test

tone, the only noise spectral components contributing to the masking of the tone are

those within the critical band centered around it. Increasing the bandwidth of the noise

beyond the critical bandwidth does not change the threshold at which the centered tone

is detected.

There are approximately 25 critical bands over the entire hearing frequency range.

A list of these bands is presented in Table 4.1 [10, 39, 44, 60, 83]. It must be noted

that this table may naturaly arise from the frequency mapping that performs the basilar

membrane. A difference of one critical band is also called a Bark 4. Thus, the Baxk scale

is a synonym of critical subband decomposition. Additionally, the Bark scale is directly

related to places along the basilar membrane. To each 1.4 mm segment in the basilar

Named after the Germán scientist A. G. von Barkhausen who introduced the concept of loudness

level in the 1920s.
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membrane corresponds an increment of 1 Bark, i.e., the critical band decomposition is

a linear scale on the basilar membrane. As mentioned, the critical bandwidth (CBW)

Subband Lower edge Center Upper edge Bandwidth

number [Hz] [Hz] [Hz] [Hz]

0 0 50 100 100

1 100 150 200 100

2 200 250 300 100

3 300 350 400 100

4 400 450 510 110

5 510 570 630 120

6 630 700 770 140

7 770 840 920 150

8 920 1000 1080 160

9 1080 1170 1270 190

10 1270 1370 1480 210

11 1480 1600 1720 240

12 1720 1850 2000 280

13 2000 2150 2320 320

14 2320 2500 2700 380

15 2700 2900 3150 450

16 3150 3400 3700 550

17 3700 4000 4400 700

18 4400 4800 5300 900

19 5300 5800 6400 1100

20 6400 7000 7700 1300

21 7700 8500 9500 1800

22 9500 10500 12000 2500

23 12000 13500 15500 3500

24 15500 19500

Table 4.1: Idealized critical band distribution.

up to about 500 Hz is relatively constant and has a valué of 100Hz. Then, it increases

at about 20% of the central frequency. In [83] the author provides a good analytical

approximation given by the expression

CBW(f) = 25 + 75 (1 + 1.4 • io-6/2)069 [Hz] (4.4)

where / stands form the center frequency in Hz. This curve, as weil as the bandwidhts

given in Table 4.1, are plotted in Figure 4.9 versus center frequency valúes. As can be
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Figure 4.9: Critical bandwidth vs. center frequency.

seen, the bandwidth progression is approximately linear up to about 500 Hz, and the

approximately logarithmic beyond 500 Hz. The second part corresponds to constant

relative bandwidth, and therefore constant-Q filters.

Also provided in [83], an approximation of the relationship between frequency and

critical band numbers, given by the critical band rate (CBR) expression

CBR(f) = 13 arctan (7.6 • IO-4/) + 3.5 arctan [(1.33
•

IO-4/)2] [Bark] (4.5)

where / stands for the center frequency in Hz. This relation is shown in Figure 4.10,

superimposed on the center frequency valúes of Table 4.1. The first center frequency of

the table is located at 0.5 Bark and next evolves at 1 Bark intervals.

4.3.3 Masking of Puré Tones by a Narrow-Band White Noise

Now that we have determined the importance of the Bark scale in the perceptual

domain, we will find what happens if the masker signal is a narrow-band white noise

with a bandwidth no longer than the critical bandwidth. We must determine how the

corresponding masking thresholds spreads over the frequency domain. The results of the

corresponding psychoacoustical measures have been presented in [83] and one example

for a masker centered at 1000 Hz is shown in Figure 4.11. In the figure, Lcb stands for

the level of the noise within one critical band.

IU

10°

1
ü

10'
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Figure 4.10: Critical band rate vs. center frequency.
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Figure 4.11: Masking of puré tones by narrow-band white noise. The masker noise is

centered at 1000 Hz.
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The masking thresholds produced by narrow-band noise maskers have the following

characteristics

• The curves are triangle-shaped.

• They meet the absolute threshold of hearing at very low and very high frequencies.

• They shift by the same amount as the noise level.

• They lie a few dB's below the noise level.

• They are asymmetric, showing a steep rise from lower frequencies up to the loca

tion of the masker and a slower decrease from this point up to the higher frequen

cies.

• Their upward slope becomes shallower as the level of the masker increases (Lcb =

80 and 100 dB), it is a nonlinear level dependent mechanism.

• They show additional peaks at higher masker levéis, which are due to audible

difference noises arising from the interaction between the test tone and the narrow

band noise.

Another important property of the masking patterns is that their global shape depends

on the central frequency of the masker. This can be seen in the top of Figure 4.12,

where the masking thresholds corresponding to 4 maskers, localized at 150, 1000, 4000

and 11000 Hz, are presented. The curves correspond to maskers at Lcb = 60 dB. This

frequency dependence disappears when the frequency axis is converted to the Bark

scale, as can be seen in the bottom of Figure 4.12. Thus, masking patterns, centered at

different frequencies are, very similar when represented over a Bark scale. The triangled-

shaped curve that approximates the masking pattern is called the spreading function

and has been proposed by [26], where the following mathematical expression, for the

Bark scale, was suggested:

B(z) = a+l-^(z-zi + c)-l-^[t + (z-zi + c)2]1/2 (4.6)

where the critical band rate z is in the range 0-34 Barks, with fractional valúes allowed.

Critical band
... corresponds to the center frequency of the narrow-band masker. The

meanings of the remaining parameters in B(z) are the following:
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Figure 4.12: Masking threshold vs. frequency (top) and critical band rate (bottom) for

150, 1000, 4000 and 12000 Hz center frequencies (from left to right).

• l is the lower critical band rate slope.

• u is the higher critical band rate slope.

• t is a damping factor that defines the flatness of the peak.

• a and c determine the peak level and position of the pattern.

Some typical valúes for these parameters are provided in [10], which are presented in

Table 4.2. Pattern II is intended to underestimate masking towards higher frequencies.

Pattern III was proposed in an attempt to build 1-Bark wide auditory filters, after

noting that Pattern I was 1.4-Bark wide at an attenuation of -3 dB. As we will see later,

the ISO/MPEG standard [37] uses picewise linear masking patterns, which also depend

on the lever of the masker.
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Source a

[dB]

l

[dB/Bark]

_

[dB/Bark]

c

[Bark]

t

[Bark2]

I 15.81 25 -10 0.474 1

II 13.94 27 -24 0.03 0.3

III 7.00 25 -10 0.215 0.196

Table 4.2: Typical valúes of the spreading function parameters.
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Figure 4.13: Masking ofpure tones by tones.

4.3.4 Masking of Puré Tones by Tones

The behavior of masking patterns associated with puré tones that mask other puré

tones is far more complex than the spreading function previously described. They are

very difficult to measure due to the strong perception of beats, as weil as of difference

tones, by the test subjects [83]. This mainly happens for test tones cióse to the masker

or its harmonics. Some differences in the slopes of the upper and lower skirts can be

observed in Figure 4.13, reprinted from [83]. Lower slopes are steeper for the tone

masker than for the noise masker; on the other side, higher slopes are shallower for the

tone masker than for the noise masker. [10] presents a masking model derived from

the data presented in [83]. Masking patterns for puré tone maskers roughly show a

triangular shape; just like the band noise maskers, however their máxima is located at

a lower level.



90 CHAPTER 4. AUDITORY SYSTEM MODELING

Narrow-band masking thresholds appear at a level of atmn dB below the noise level

LcB. For puré tones that at level Lt, which are masking other puré tones, this happens

at about

atmt(z) = -0.275z - 6.025 [dB] (4.7)

below the level Lt- Here, tmt stands for tone-masking-tone. The slopes of the spreading

function also show a very different behavior with varying the masker level. Over the

Bark scale, at lower masker levéis, masking spreads more towards lower frequencies than

towards higher frequencies [10]. As can be seen in Figure 4.13, at a masker level of 40 dB

the masking patterns are approximately symmetrical. At higher levéis the spreading

of masking behaves almost like masking due to narrow band maskers. If we adopt

a conservative model which neglects the lower frequency spread of masking at lower

masker levéis, the masking threshold can be estimated by calculating the máximum

between the threshold in quiet and

T(z, Zm) = B(z) + LT + atmt(z) [dB] (4.8)

where B(z) is the triangular function given by Equation 4.6. Puré tones rarely exist

in nature. The most common "puré" tones sounds are composed of a fundamental tone

and its harmonics, such is the case for musical intruments. Thus, the masking curve

spreads over the frequency range where the tones are located. A narrow band noise in a

critical band can be approximated by a small number (five or more) of equal-amplitude

puré tones, with randomly distributed frequencies over the noise band [10].

4.3.5 Masking of Narrow-Band White Noise

From a subband coding standpoint, the maskee signal is the quantization noise

introduced by the system in different subbands and which must be masked. In the two

previous subsections we have discussed only cases where the maskee is a tonal signal,

two more masking cases arise from the possible noise/tone combinations

• Tone-masking-noise.

• Noise-masking-noise.

This two situations have received little attention in psychoacoustic research, partly due

to the difficulty of making such measurements [10].
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After numerous informal listening tests, [10] proposes that the valué of the masking

index for tone masking noise is

<W = -9.0 + atmt(z) [dB] (4.9)

which is a 9 dB shifted versión of the tone-masking-noise. According to [10] this is a

non conservative approach justified by the observation that natural sounds possess a

more noise-like structure towards the higher frequencies. Thus, the tone-masking-noise

masking threshold induced in a critical band z by a puré tone, located at zm Baxk, is

approximated by the expression

T(z, zm) = B(z) + LT + atmn(z) [dB] (4.10)

The lack of literature concerning the noise-masking-noise case implies that one has

to rely on the results for tone maskers and try to find an empiric masking model for

the noise-masking-noise case. A common phenomenon in all masking situations is the

upward spreading of masking, i.e., masking is stronger towards higher frequencies. In

that case, it is possible to maintain the global shape of the threshold given by B(z)

in Equation 4.6. In [10] it is proposed that the masking index should lie somewhere

below the tone-masking-tone case and above the tone-masking-noise case; this comes

from observations that noise is better masker than a tone and that a tone is a better

maskee than noise. We must point out that in the noise-masking-noise situation both

masker and maskee have the same bandwidth. This remark suggests that the valué of

the masking index should not depend on the Bark rate. In the present work we assume

a constant valué of

Onmn = "9-0 [dB] (4.11)

For comparison, [43] proposes a valué of anmn=-5.5 dB. Finally, the noise-masking-noise

masking threshold induced in a critical band z by a puré tone, located at zm Bark, can

be approximated by the máximum between the threshold in quiet and the expression

T(z, zm) = B(z) + LT + anmn(z) [dB] (4.12)

So fax, we have assumed that the masker and the maskee are stationay signáis. From a

stationay standpoint, the stimuli can be considered stationay if their duration is at least

of 200 ms. At longer durations the masking threshold previously reviewed are stable.
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4.3.6 Nonsimultaneous Masking

As shown in Figure 4.14, masking phenomena extend in time beyond the window of

simultaneous stimuli presentation. It means that, for a masker of finite duration, non

simultaneous (some times denoted as temporal) masking oceurs both prior to masking

onset and after masker removal. The skirts of both regions are presented in Figure 4.14.

Essentially, absolute audibility thresholds for masked sounds are artificially increased

prior to, during and following the occurrence of a masking signal. Pre-masking alone

plays a relatively secondary role, because the effect lasts only 20 ms and therefore is

usually ignored. Post-masking has an effect that will extend anywhere from 50 up to

200 ms [39, 60, 83]. Post-masking has a more important effect than pre-masking, since

it has a longer duration. A deeper coverage of temporal masking can be found in [83].

Temporal masking reaches a máximum for signáis cióse in frequency, particularly

within the same critical band. The influence of forward masking increases with the

bandwidth of the masker [83]. The full effect of temporal masking is very related to the

duration of the masker, as weil of the maskee. Máximum masking effect is produced by

a masker lasting about 200 ms. Below that valué, the masking threshold shows faster

decay slopes and henee a shorter duration. The results provided in [83] suggest that

temporal masking is a highly nonlinear effect, therefore some precaution is necessary

when taking it into consideration.

In the present work, in order to reduce the complexity of the proposed coder, we

have decided not to take into account the effect of temporal masking.

4.4 Perceptual Entropy

In [42, 43] Johnston combines notions of psychoacoustic masking with signal quan

tization principies to define the perceptual entropy, a measure of perceptually relevant

information contained in an audio signal. Expressed in bits per sample, the perceptual

entropy represents a theoretical limit on the compressibility of a particular signal. The

perceptual entropy works based on the principie that the masking threshold of a sig

nal indirectly indicates the amount of quantization noise that may be applied in the

frequency domain, i.e., the quantization, according to the masking model, that may be

done without corrupting the signal such that it can be distinguished from the original.

The part of the signal that can be changed without making the signal distinguishable
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Figure 4.14: Behaviour of temporal masking. Pre-masking oceurs prior to masker onset

and lasts only a few milliseconds; post-masking may persist up to 200 ms after masker

removal.

is therefore perceptually redundant, and the part that must be reproduced represents

real information that can be quantized and measured [42].

The process to estimate the perceptual entropy is accomplished as follows.

1. The signal is windowed using a Hann window, w(n) = ^ ( 1 —

cos j5j_V L where

M stands for the frame length in samples and n for the sample number. Then, a

2048-point fast Fourier transform (FFT) is performed.

2. Real and imaginary transform components are then used to calcúlate the power

spectral density (PSD) components

P(u) - (Re(w))2 + (Im(__))2 (4.13)

then a discrete Bark spectrum is formed by summing the energy in each critical

band (see Table 4.1)

bh,

Pi=Y, pm
_-—=6¿i

(4-14)

where the summation limits are the critical band boundaries. The range of index

i is sample rate dependent. For the present work i
_ {0, 20}.
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3. The spreading function B(z), presented in Equation 4.6, is convolved with the

discrete Bark spectrum

Cí = Pí*Bí (4.15)

to account for the spread of masking.

4. An estimation of the tone-like or noise-like structure of C¿ is obtained using the

spectral flatness measure (SFM)

SFM = £± (4.16)
Pa

where pg and /._, respectively, stand for the geometric and arithmetic means5 of

the PSD components for each band. The SFM has the property that it is bounded

by zero and one. A coefficient of tonality a is next derived from the SFM on a

dB scale

( SFMdB
a = mm ,l) (4-17)

\SFM„

where SFMmax = —60 dB. An SFM cióse of zero dB indicates that the signal is

completely noise-like, on the contrary if the SFM is cióse to SFMmax indicates

that the signal is entirely tone-like.

5. Then, the index a is used to geometrically weigh the two threshold offsets6

Oi = <_(14.5 + i) + (1
-

a)5.5 [dB] (4.18)

6. A set of JND estimates in the frequency power domain are then formed by sub

stracting the offsets from the bark spectral components

Ti = io1o6io(Cí)-2í (4 19)

7. Due to the fact that the spread spectrum functions do not have a normalized gain,

and that the gains in the critical bands around zero and the sampling rate will

be different, the spread spectrum is renormalized by the D¿ Gain
^or eacn critical

band.

/ »_ \L/M

Va = ¿ __,". *. and ^ = (i?*, *.)
6Notice that we have re-printed the valúes given in [42], thus they do not match the masking valúes

previously discussed.
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i index of critical band;

bli and bh, upper and lower bounds of band t;

ki number of transform components in band i;

Ti masking threshold in band i;

nint rounding to the nearest integer.

Table 4.3: Meaning of the parameters presented in Equation 4.20.

8. Then, the resulting Bark threshold is compared to the absolute threshold of hear

ing, to make sure that they do not demand a level of noise below the absolut

limits of hearing. The absolute threshold of hearing is set such that a signal at

4 kHz, with a peak magnitude of ±1 least significant bit in a 16 bit integer is at

the absolute threshold of hearing.

9. By applying uniform quantization principies to the signal and its associated set

of JND estimates, it is possible to estimate a lower bound on the number of bits

required to achieve transparent coding biven by the expression [42, 43, 60]

20 bh,

t=0 (.=_..

■ ( Re(w) \
nint .

v ;

\y/GI\/kiJ

+ log2 nint ÍJEkL) + i

+ i

[bits/sample] (4.20)

where the meaning of each parameter in Equation 4.20 is presented in Table 4.3

The perceptual entropy measured is obtained by constructing a perceptual entropy

histogram over many frames and then choosing a worst case valué as the actual mea

surement.

4.5 Masking Threshold Implementation

The psychoacoustic model, used to calcúlate the masking threshold, plays a central

role in the compression technique in the present work. Some of the most important

masking models existing were reviewed [6, 12, 13, 27, 37, 43, 49, 63, 64, 71, 74, 75]. In

[49] the authors evalúate several different psychoacoustic models and they report that

ISO/IEC MPEG Standard [37] provides near transparent audio quality. Moreover, in

[6, 64, 74] the authors employ a modified adaptation of the ISO/IEC MPEG Standard



96 CHAPTER 4. AUDITORY SYSTEM MODELING

[37] with high audio quality results. For these reasons we decided to implement in our

present work the ISO/IEC MPEG Standard masking model II [37]. It is important

to point out that all the psychoacoustic models reviewed are linear, in which case the

addition of masker components often results in a much lower overall threshold than

determined experimentally. If the reader is interested in more sophisticated masking

models, [4] provides a non linear psychoacoustic model, which better approximates the

HAS processing.

The main operations involved in the calculation of the masking threshold are the

following (see Appendix E for an insight of the MPEG psychoacoustic model II)

1. Blocking and windowing the signal. A Hann window is used.

2. Calculation of the Bark spectrum energy of the current signal block, over a dis

cretized bark scale.

3. Estimation of the tonality of the current block.

4. Calculation of the simultaneous masking threshold, taking tonality into account.

5. Comparison of the resulting masking threshold with the absolute threshold of

hearing, the máximum between both is the masking threshold.

Point 1 and Point 2 are exactly the same as previously seen in section 4.4, except that

the length of the FFT is 1024 (See Appendix E) . In Point 3, the tonality is estimated

for each spectral line of the FFT based on a measure of the predictability of the signal

[37]. In Point 4 the discrete Bark spectrum is convolved with the spreading function

and adjusted according to the tonality index, then the result is normalized as in section

4.4. Finally, Point 5 makes sure that the caículated threshold does not demand a level

of noise below the absolute limits of hearing.

In the following Figures we present some examples of the results provided by the

psychoacoustic model. Figure 4.15 presents the masking pattern for a narrow-band

white noise signal. We must point out that power spectrum of the noise signal is

not completely flat due to the nature of the pseudo-random number generator used

to genérate the signal. The noise signal is located at the 14th- critical band and its

average noise power is 65 dB. As can be seen in Figure 4.15, this pattern agrees with

the previous results, the lower slope is steeper than the upper slope. Moreover, the

upper slope extends to the higher frequencies.
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Figure 4.15: Masking pattern (dotted iinej for a narrow-band white noise signal (solid

line) located in the 14*6* critical band (2320-2700 Hz). The average power of the noise

signal is 65 dB.

Figure 4.16 presents the tone-masking-noise case where the previously mentioned

noise signa! completely masks a tone signal which has a carrier frequency of 4000 Hz.

The tone signal is rendered inaudible by the noise signal, therefore it can be completely

removed from acoustic signal without perceiving any difference or loss.

In Figure 4.17 the tone-masking-tone case is presented. The power spectrum of an

acoustic signal formed by three tones which have a carrier frequency of 1500, 3500 and

4750 hz (from left to right) and a power of 70, 85 and 30 dB respectively are depicted.

As expected, the masking pattern (dotted line) has a lower level compared to the noise-

masking-tone case. Moreover, the lower slopes are steeper than in the previous case, as

weil as the upper slopes are shallower. In this case the upper tone is still audible, but

most of its power has been masked by the other two tones, therefore only a few bits are

required to quantize it.

Figure 4.18 presents a voiced frame's power spectrum of female speech. As can be

seen, almost half of the signal is rendered inaudible by the masking threshold (dotted

line) due to masking. In the lower frequencies voiced speech has a tone-like nature,

opposite to the noise-like nature of the higher frequencies.
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Figure 4.16: Masking of a tone by a narrow-band noise. The noise signal is located in

the 14th- critical band (2320-2700 Hz), its average power is 65 dB. The tone signal has

a carrier frequency of4000 Hz and a power of32 dB. The masking pattern (dotted ¡ine)

generated by the noise signal completely masks the tone signal.

Figure 4.19 presents a very similar case, but now the power spectrum corresponds

to a voiced frame of male speech. As in the previous case, almost half of the signal is

rendered inaudible due to masking.

Finally, Figure 4.20 presents the power spectrum of an audio (music) signal. As

mentioned in Chapter 2, audio signáis have a much more complex nature than speech

due to the variety of signal sources. In spite of that, a considerable part of the signal is

rendered partially/totally inaudible.
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Figure 4.17: Masking ofa tone by another tone. The acoustic signal is formed by three

tones of frequency 1500, 3500 and 4750 Hz (from left to right) with a power of 70, 85

and 30 dB respectively. In this case the upper tone is barely perceptible.
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Figure 4.18: Power spectrum ofa voiced frame offemale speech. The masking threshold

(dotted line) shows that almost half of the signal is rendered inaudible due to masking.
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Figure 4.19: Power spectrum ofa voiced frame of female speech. Themasking threshold

(dotted Une) shows that almost half of the signal is rendered inaudible due to masking.
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Figure 4.20: Power spectrum of an audio (music) signal. The spectral nature of audio

signáis is more complex than the nature of speech, but still a considerable part of the

signal is rendered partially or totally inaudible due to masking.



Chapter 5

Perceptual Coding of Wide-Band

Speech Audio

In this chapter we describe the different functions of the proposed perceptual coding

system. The encoder is presented in Section 5.1. A description for each of its components

is also provided. The decoder is presented in Section 5.2, where also a description of its

components is provided.

5.1 Description of the Encoder

We have previously presented, in Chapter 1, a block diagram of the entire coding

system proposed. Figure 5.1 presents the building blocks of the encoder. The input

signal is segmented into analysis frames of 256 samples. In the time domain, the analysis

frame has a length of 16 ms with 1 ms (16 samples) of overlapping between adjacent

frames in order to avoid boundary effects. Due to the nature of the WT it is preferable

to use an analysis frame of dyadic length. We consider that if the analysis frame has

a length of 128 samples (8 ms) it is short and does not allow us to take full advantage

of the quasi-stationarity property of audio signáis, in addition it generates more side

information to encode. On the other side, if the analysis frame has a length of 512

samples (32 ms) it is too long and may cause pre-echo problems with audio signáis

containing sharp attacks or abrupt transients (such as those produced by the drums,

the castanets, the triangle). Therefore, an analysis frame of 256 samples provides a good

compromise between stationarity, side information and pre-echo problems. Then, every

frame is analyzed with a non-uniform tree-structured decomposition using the WPT.

101
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Figure 5.1: Block diagram ofthe encoder.

The tree-structured decomposition is presented in Figure 3.19, and it approximates the

time and frequency resolutions of the HAS. Simultaneously, an FFT of 1024 points is

also performed over the same analysis block, as depicted in Figure 5.1.

The WPT block provides the set of transform coefficients Xi, where 1 < i < 256.

The goal of this first transformation is to remove the statistical redundancy of the

audio signal. The output of the FFT block are the transform coefficients Vj., where

1 < k < 513. The goal of this second transformation is to provide the elements to

calcúlate the tonality index (t) and the Bark scale spectrum (Bz, where 1 < z < 49),

as presented in Chapter 4. Once these two parameters have been computed, they are

employed in the calculation of the masking threshold (see Appendix E), which serves

to shape the quantization noise so it remains hidden from a perceptual stand point.

This phenomenon is illustrated in Figure 5.2. In the figure we consider the case of a

masking sound at the center of a critical band. For the band under consideration, the

minimum masking threshold denotes the spreading function in-band minimum. If we

assume that the masker sound is quantized using an m-bit uniform scalar quantizer,

noise might be introduced at the level m. In Figure 5.2, signal-to-mask ratio (SMR)

and noise-to-mask ratio (NMR) denote the log distances from the minimum masking

threshold to the masker and noise level, respectively. Ideally, any distorsión lying below

the minimum masking threshold will be imperceptible for the HAS. Thus, we can equate

the SNR to the SMR and keep m as small as possible, this is also known as the JND

level.

Next, the quantization of each coefficient Xi is achieved through a constrained bit

allocation procedure. In each frame, the following information is extracted from the
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Figure 5.2: Schematic representation of simultaneous masking. Ideally, we can equate

the SNR to the signal-to-mask ratio (SMR) and keep m as small as possible.

256 WPT coefiicients:

• Zero valúes.

• Sign.

• Number of bits. Represented by the number of quantization levéis.

• Quantization step ■__, in the critical band.

These parameters must be encoded and transmitted to the decoder, as we will show

next.

5.1.1 Optimal Bit Allocation of Transform Coefficients

As previously mentioned, the bit allocation procedure must be done in such a way

that the introduced distortion (quantization noise) remains imperceptible. The masking

threshold (T¿) completely satisfies this constraint, it suflices to restrict the quantization

noise to lie at or below the masking threshold level to achieve transparent encoding of

the audio signal. Without imposing the additional constraint of a constant bit rate,

there are two possible ways of meeting this requirement. The first is based on the

NMR of each noise source in the transform domain [10]. This method uses Lagrange

multipliers to minimize the NMR. The second method, which we decided to employ in
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Bits/sample

Figure 5.3: Histogram presenting the Perceptual Entropy valúes of several wide-band

speech audio sources. This result suggests a lower bound of about 2.1 bits/sample for

transparent audio coding.

this work, is much simpler. If all the coefficients are uniformely quantized, then, the

quantization step of coefficient Xi is given by the expression

St 412 ol (5.1)

where we make the assumption that o2. — Ti, i.e., the variance of the quantizer is set

equal to the masking threshold. Thus, the number of bits allocated to Xi can be found

by computing the number of quantization levéis using the expression

N(n) =
\Xi\

Si
+ (5.2)

previously developed in Chapter 2. We have introduced the concept of perceptual

entropy (PE) as a good estimation of the lower bound for transparent coding audio

signáis. We have computed the PE over 1 minute of several wide-band speech audio

sources using the model proposed by [42, 43]. The result is shown in Figure 5.3, a lower

limit around 2.1 bits/sample is suggested by the PE to achieve transparent audio coding.

This means that if the input signal was originally quantized using 16 bits/sample PCM,

the theoretical upper bound for the compression ratio is 86%.

A histogram presenting the number of bits required by the transform coefficients,

computed over 1 minute of several wide-band speech audio sources, is shown in Figure
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5.4. It can be seen that 100% of the coefficients require 9-bits or less to be encoded.

Moreover, 99.4% ofthe coefficients require a máximum of 6-bits. This last valué is high-

lighted by a vertical line in the figure. It is important to point out that approximately

67% of the coefficients require a máximum of 1-bit to be encoded. In order to compress

the signal even further, we decided to clip the number of levéis to 7-bits. This valué was

determined by performing informal listening tests, a lower clipping valué would produce

perceptible disturbances in some of the reconstructed audio signáis (such as the bagpipe

or harpsichord).
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Figure 5.4: Histogram presenting the number of bits required to encode several wide

band speech audio sources. The upper bound, represented by the vertical line, indicates

that 99.4% of the coefficients can be encoded using a máximum of 6-bits. Additionally,

92.3% of the coefficients can be encoded using a máximum of 3-bits.

Since the number of levéis of the quantized coefficients is non-uniformly distributed,

as shown in Figure 5.4, the use of a lossiess entropy coding method should allow for a

reduction on the average bit rate. We decided to use a Huffman encoder as proposed

in [29, 41, 70]. This coder is represented by the H block in Figure 5.1. The Huffman

table was estimated by passsing several different audio sources through the proposed

encoder.
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Band Number of Coefficients Number of bits

coefficients Si used to quantize

0 4 1-4 8

1 4 5-8 8

2 4 9-12 8

3 4 13-16 8

4 4 17-20 8

5 4 21-24 8

6 4 25-28 8

7 4 29-32 8

8 8 33-40 9

9 8 41-48 9

10 8 49-56 9

11 8 57-64 9

12 8 65-72 9

13 8 73-80 9

14 16 81-96 10

15 16 97-112 10

16 16 113-128 10

17 32 129-160 12

18 32 161-192 12

19 32 193-224 12

20 32 225-256 12

Table 5.1: Vector quantization arrangement ofthe masking threshold coefficients Si.

5.1.2 Masking Threshold Quantization

The transmitted/stored masking threshold or quantization step is obtained by vector

quantizing the data provided by the masking model (T_). As mentioned, there are 21

critical bands within the frequency range 50 Hz-7000 Hz, which are represented by

256 coefficients (Xi) in the WPT domain. Due to the strong relationship between

the masking threshold coefficients (Si) within each critical band, we decided to vector

quantize them as single block, the clustering arrangement can be seen in Table 5.1.

Prior to quantization, the vectors are converted to dB and normalized by the máximum

masking threshold valué achievable (90.3 dB). The number of bits assigned to each

vector were determined by performing subjective tests.

5.2 Description of the Decoder

The decoder structure, presented in Figure 5.5, is much simpler than the encoder's.

The received data frame is split into two parts: the WPT coefficients and the masking
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Figure 5.5: Block diagram ofthe decoder.

threshold coefficients. The Huffman table used to encode the quantized WPT coef

ficients is available at the decoder, so the quantized coefficients are easily retrieved.

Additionally, the inverse quantization of the masking threshold coefficients is a simple

lookup operation in the table generated by the VQ. Then, the WPT coefficients are

inverse quantized using the masking threshold information. Finally, the coefficients are

fed into a non-uniform tree, identical to the one used in the encoder, and the inverse

WPT is performed to obtain the decoded signal x(n).

5.3 Coder Results

The proposed coder achieved an average bit rate of 56.1 kbit/s at a near transparent

audio quality. Subjective informal listening tests, with several subjects, showed that

for most audio sources the coded signal was indistinguishable from the original and for

certain sources small differences were perceived. Due to the results provided in [13, 56]

we assigned a MOS valué of 3.3 to the source signal sampled at 16 kHz and quantized

using 16-bit linear PCM. Thus, due to the almost indistinguishable differences produced

by the developed coder we suggest a MOS valué slightly above 3.0. This suggests that

our coder has a performance cióse to that ofthe standard G.722 [35]. Table 5.2 provides

the bit rate for ten different audio sources encoded using the proposed system. The

objective and subjective quality assessment of our coder is fully addressed in the next

chapter.

Bit rate could be further reduced by adjusting the masking threshold, but this oceurs

at the expense of a poorer reproduced audio quality. Informal tests show that coded

signáis at around 35 kbit/s were perfectly identifiable, but some annoying disturbances

were perceived.
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Instrument/Style Code Encoded bit rate

Female Voice (Germán) Female 57.1 kbit/s
Male voice (English) Male 50.4 kbit/s

Solo violin Violin 63.6 kbit/s
Solo bass guitar Bass 49.4 kbit/s
Solo trumpet Trumpet 57.8 kbit/s
Solo clarinet Clarinet 54.6 kbit/s

Accordion and other instruments Accordion 58.9 kbit/s
Solo tambourine Tambourine 53.2 kbit/s
Solo triangle Triangle 58.6 kbit/s

Highlight from Carmen Carmen 57.2 kbit/s

Table 5.2: List of source material and their coded bit rate. The source material has

been band limited to the range 50-7,000 Hz, sampled at 16 kHz and quantized using

16-bit linear PCM.



Chapter 6

Coder Performance Evaluation

In this chapter we present the performance evaluation for the proposed coding sys

tem. Objective measures are applied to the encoded audio signal. In Addition, subjec

tive measures (i.e., listening tests) are used to evalúate the coding performance of the

system.

This chapter is divided into three sections. In the first part, perceptual objective

measures are addressed as a mean of quantifying the similarity between two patterns.

Secondly, subjective measurements are introduced as a mean to detect differences be

tween stimuli presented to human subjects. Finally, the proposed system evaluation

results are presented.

6.1 Perceptual Objective Measures

The quality of an audio coder can be determined either objectively or subjectively.

Traditionally, subjective tests are difficult to reproduce, expensive and time consuming.

On the other side, with objective methods there are in general problems with the rela

tionship between the measurements and the perceived quality [5, 10]. To be useful, an

objective audio distortion measure should be

• Acoustically significant. Small and large valúes should correspond to good and

bad subjective quality, respectively.

• Mathematically explicit. It can be analyzed and implemented.

• Defined in a weil chosen parametric space. It can be adapted to the system under

analysis.

109
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The distortion measure, also known as distance measure, can be computed either

over time frames or in the frequency domain. The distance between the second order

properties of two processes is called spectral distance measure. Spectral distortion mea-

sures have been introduced with the intention of simulating the frequency analysis that

the HAS naturally performs. In addition, they also offer the advantage of being little

sensitive to the phase differences and waveform misalignments, which usually are not

perceptually relevant during signal comparison.

Let x(n) be a WSS process and r(n) its autocorrelation function. Then, the power

spectral density (PSD) Sx(élu) of x(n) is given by the expression

+00

$-(0= £ r(k)e-ik» (6.1)
k=—00

Usually, in the case of audio signáis x(n) can be modeled as an AR process, described

by the p-th order model Ap(emi) with system gain o2. Then its PSD can be written as

s'^]*\Sw (6-2)

This approximation becomes an equality for an infinite number of poles (p
—> +00).

However, finit order models give already an accurate representation of the perceptually

relevant spectral peaks.

As we have seen, when processing non-stationary stochastic signáis such as audio,

most of the times they are decomposed into frames. In this case, the short-time auto

correlation of an JV-sample frame x(n) for n = 0, 1, • ■ •

,
N — 1 is given by the expression

N-i-l

rN(i) = ^ x(k)x(k + |*|) (6.3)
_=o

for i = 0, * • •

,
N - 1. Then, we calcúlate the short-time power spectral density Sx(eVjJ)

of such sequence. The frame length should correspond to a temporal duration where

the signal can be considered quasi-stationary. As mentioned in Chapter 2, for audio

signáis this duration is in the range from 2 to 50 msec.

Two of the most common objective measures for perceptual coders are the segmental

signal-to-noise ratio (SNRseg) and the Itakura-Saito distortion (d¡s) [5, 13, 71] In

the next subsections we provide a brief explanation of these measurements.
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6.1.1 Segmental Signal-to-Noise Ratio

This measure is the weil known ratio of the signal variance to the noise variance for

each signal frame. The goal of this measure is to assign equal weights to loud and faint

segments of nonstationary signáis. The SNRseg can be computed using the expression

SNRSEG = ¿ ¿ 10 log10 „ .

Sa¿ x^n ± N Ü [dB] (6.4)
Mh Zn=<>[x(n +Ni)-x(n + Ni)]2

where M stands for the number of processed frames along the signal and N is the

number of samples per frame. In some cases, problems can arise if low energy (i.e.,

silence) frames are ineluded, since large negative SNR valúes bias the overall measure.

A threshold can be used to exelude any frames that contain unusually low SNR valúes.

The SNRseg measure has been used by [13, 71] for the objective evaluation of a

wavelet-based perceptual audio/speech coder. In [13] valúes above 20 dB were measured

for speech signáis and in [71] valúes between 21 and 28 dB were measured for hi-fi audio.

Both coding systems claim to achieve transparent audio quality.

6.1.2 Itakura-Saito Distortion

The HAS is little sensitive to phase distortion in acoustic signáis, thus, most of the

audio coding systems focus on the spectral magnitude. A consequence of this fact is that

the coder output waveform can be very different from the original signal, nonetheless

no difference is perceived by the listener. Therefore, measures like the SNRseg, based

on the sample difference between two waveforms, do not provide significant information

on the performance of the coder if the signáis are off-phase or misaligned.

One of the ways of overcoming this restriction is by means of the Itakura-Saito

algorithm [38, 67], one ofmost succesful distortion measures. Also known as a likelihood

ratio distance measure, the Itakura-Saito distortion measure performs a comparison

between the spectral envelopes of signáis and is more influenced by a mismatch in

formant location than in spectral valleys. It is mostly used in the context of LPC, but

its generalization can be expressed as

1^1 ^fS^) . SX,k(j) m\
(6.5)
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For a signal frame, this measure can also be expressed as the polynomial [3]

/G\2áTRá
„_

ÍG\
,

. .

where á = [1, 6i, a2,--., áp]T a = [1, ai, a2,..., ap]T are the linear prediction

coefficients of the coded and source signal respectively and R is the autocorrelation

matrix of x(n). When the gains are assumed to be equal, as in our case, the Itakura-

Saito measure is simply

««-Se-1 «">

The Itakura-Saito measure is not symmetric, for a symmetric representation the reader

is referred to [3].

6.2 Subjective Measures

The design of reliable methods for the study of sensory process is covered by the

field of psychoacoustics. It generates a description of the HAS by designing acoustical

experiments containing stimuli that human subjects have to detect. Psychoacoustical

tests can be mainly divided into two groups [10]: explicit and implicit. In the first

case, one attempts to measure quality of sound sequences by a subjective judgment,

traditionally, the subject scores or chooses the sequence from a proposed score/stimuli

set. This is the method employed in the thesis. In the second case, one estimates

parameters of auditory system models. This second method is out of the scope of our

work.

6.2.1 Mean Opinión Score

The Mean Opinión Score (MOS) is a popular assessment method largely used to

measure the quality of speech/audio processing systems [41, 58]. The 5-point scale

generally used for algorithm assessment is represented in Table 6.1. The advantage of

MOS valúes is that different impairment factors can be assessed simultaneously and

that even small impairments can be graded. On the negative side, MOS procedures

often require trained subjects and appropriate facilities. Additionally, experience has

shown that MOS valúes can vary with time and from listener panel to listener panel, it

is very difficult to duplícate test results at a different test site. Though
this subjective
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MOS Quality Scale Impairment Scale

5

4

3

2

1

Excellent

Good

Fair

Poor

U«satisfactory

Imperceptible

Perceptible, but not annoying

Slightly annoying

Annoying

Very annoying

Table 6.1: Five-point MOS scale.

measure has the advantage of being simple, from an implementation stand point, the

results are, however, not easy to compare.

6.3 Evaluation of the Proposed System

The objective evaluation of the proposed coding system is based on the segmental

signal-to-noise ratio and the Itakura-Saito spectral distortion. As already mentioned,

these assessments have been mainly chosen for their acceptable correlation with subjec

tive quality measures. The results for the proposed coder are presented in Table 6.2.

The SNRseg valúes obtained are within the range of those given in [71] and above

those presented by [13]. In addition, the average SNRseg of the proposed system is

25.6 dB, slightly below the 27.4 dB of the G.722
1

The subjective listening tests were performed as in [71]. This test involved a group

of 20 subjects that were requested to volunteer for subjective evaluation of the proposed

coding system. The group consisted in eighteen males and two females. Most of the in

dividuáis in this group carne from the Telecommunications and Control research groups

at the Cinvestav-IPN Unidad Guadalajara. Their ages ranged from 22 to 34 years.

Some of them had previous experience in subjective evaluation of signal compression

schemes. The subjective test was carried as follows. The listeners were presented with

a total of 10 audio pairs. Each pair was composed of a single source material and was

formed of 7 seconds of audio stimulus, 5 seconds of silence, and finally 7 seconds of

audio stimulus. They were then asked to identify the stimulus which they found to be

better in overall quality for each audio pair. A "not sure" response was permitted.

The responses of the listeners were averaged for each audio source. In Table 6.3

are summarized the results of the transparency tests. Particularly, column 2 shows

the probability that the original music sample was preférred over the encoded versión

^his valué has been reprinted from [13].
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Code SNRseg

[dB]

d¡s

Female 28.5 0.22

Male 29.4 0.21

Violin 27.9 0.22

Bass 25.1 0.28

Trumpet 26.1 0.27

Clarinet 22.3 0.39

Accordion 26.3 0.25

Tambourine 23.9 0.34

Triangle 19.5 0.42

Carmen 27.4 0.22

Table 6.2: Objective measures for the proposed coding system.

Average probability
of original signal

Code preférred over the Comments

proposed encoder signal

Female 0.46 Transparent

Male 0.61 Nearly transparent

Violin 0.46 Transparent

Bass 0.71 Original preférred

Trumpet 0.53 Transparent

Clarinet 0.63 Nearly transparent

Accordion 0.63 Nearly transparent

Tambourine 0.57 Transparent

Triangle 0.43 Transparent

Carmen 0.50 Transparent

Table 6.3: Subjective listening test result: transparency test.

using the proposed system. Coder quality was considered to be transparent if the

probability in the particular row of Table 6.3 is cióse to 0.5 (i.e., equal probability

of choosing the original signal or the encoded) . It is necessary to point out that the

trial size for these tests is relatively small (because of the number of evaluated subjects

and audio stimuli presented), therefore, the quantified average probabilities have only

limited confidence levéis. Nevertheless, these ciphers demónstrate that the proposed

coder provided a transparent or nearly transparent quality for all audio coding sources

but for one. The quality of the bass guitar signal encoded with the proposed coder was

found low compared to the other audio pieces. The bass guitar source signal contains

segments of silence before an abrupt transient, and the disturbances presented in the

coded signal seem like pre-echo problems in the low frequencies. The proposed coder
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needs to be further optimized for such signáis.
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Chapter 7

Conclusions

This chapter is divided into two parts. In the first one, we summarize the main

results and achievements of the work discussed in this dissertation. In the second

part, we provide some possible directions for future research and improvements for the

proposed coding system.

7.1 Conclusions

During the present work, we have formulated a time-frequency auditory decomposi

tion based on the wavelet packet transform, and a masking model based on the MPEG

Psycoachoustic Model II. The merger of both systems contributed to the development

of a conceptually simple and efficient coding system.

With the proposed coding system, we were able to encode wide-band speech audio

signáis at an average bit rate of 56.1 kbit/s. The overall quality ofthe encoded signal was

found subjectively transparent or nearly transparent. Throughout the development of

this work, it appeared clearly that auditory modeling is a key issue for the improvement

of current audio processing systems. Thus, the use of signal analysis tools that mimic

the resolution capabilities of the ear allow for a better definition and implementation of

masking models.

Though a wavelet packet transform tree approximating the human auditory system

and the adaptation of the MPEG pyscoacoustic model are not novel, their combina

tion for wide-band speech audio coding is. Additionally, by the time this thesis was

being written, no information regarding vector quantization techniques for the MPEG

psychoacoustic model were known.

117
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The wavelet packet transform can be seen as a natural choice for the approximation

of time frequency mappings aproaching those performed by the human auditory system.

However, it possesses a major drawback associated with its limited temporal and spec

tral localizations. That is, the basis functions or filters, do not possess a sufficiently fast

decay in time and present important secondary lobes in frequency that spread far apart

from the main lobe. Furthermore, such an overlapping contribution is not identical for

all the filters. This situation can be easily seen in Figure 3.22. This phenomenon is

mainly caused by the fact that the filters are only optimized at the first stage, and then

simply iterated to build the desired tree structure.

Ideally, time and frequency overlapping should only be introduced from a perceptual

point of view and resulting masking patterns. If some amount of overlapping is already

created by the employed time-frequency mapping, it is indispensable to know by which

amount a given band affects each of its neighbors when quantization noise is introduced.

In this way, all the spurious contributions could be partially or totally removed from

the affected subbands.

Though there is a large amount of statistical and perceptual redundancy removed

by the coder, the bit rate achieved is still considerably high. Consecutive samples in

one channel of the transform always posses some amount of correlation. This could be

removed by using prediction techniques. During the steady parts ofthe audio signal, the

masking threshold changes relatively slow, thus, techniques such as matrix quantization

could be employed by grouping together a sequence of successive frame vectors and

encode them as a single matrix.

A major drawback of the proposed coding system is its computational burden. The

system has to perform a wavelet packet decomposition in parallel with an FFT, these

operations require a great amount of computational power. An efficient implementation

of wavelet packet decomposition could be employed.

7.2 Possible Extensions and Future Research

In what follows we give several issues that should be addressed to continué this

research. Several improvements in the proposed method are possible, both in terms of

reducing its computational complexity and its bit rate requirements.

So far, in the proposed coder we have not taken into consideration the auditory

system property of temporal masking, thus we should consider incorporating it. Several
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authors have explored this technique claiming promising results. In addition, adapting

theMPEG psychoacoustic model to use the wavelet transform instead of the FFT would

considerably reduce the computational burden, because only one transform would be

required. Upgrading the wavelet packet transform to a fast wavelet packet transform

using a lattice implementation structure would reduce ever further the computational

requirements. An optimization of the wavelet basis (under the auditory system con

straint) to match the audio data clearly results in a significant reduction in the bit rate

requirement.

The side information currently amounts for about 35% of the bit rate requirements,

thus, some methods to reduce it could be employed.

Time-frequency mappings with higher frequency and time selectivity than that

achieved by the present transform could be used. The following filter/transform cases

could be considered:

• Orthonormal filters optimized at each stage of the tree structure.

• Mixed nonuniform/uniform decompositions.

• Elimínate the filter orthonormality constraint, which restricts frequency selec

tively.

Several methodologies have been proposed to reduce the pre-echoes that tend to af

fect block-based coding schemes. We should consider incorporating the window switch

ing technique to the proposed coder. This consists in changing the analysis block length

from long duration (e.g., 15 to 20 msec) during stationary segments to short duration

(e.g., 4 msec) when transients are detected.

The superposition of threshold components used in the psychoacoustic model pro

posed by MPEG is based on linear addition. This results in a conservative masking

threshold estimation. Novel non-linear superposition techniques that better approxi

mate the real threshold have been proposed, thus we could incorpórate them to the

proposed coder.

Because the proposed coder extracts a great amount of redundancy, it is likely to

be sensitive to channel errors. For some applications, where hardwired lines or digital

storage media are used, the sensitivity to errors is not likely to be a problem. In channels

where the probability of error is relatively large (e.g., wireless), some protection of

the information must be done in order to prevent errors. This last situation suggests
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the future use of techniques such as joint source-channel coding and multiresolution

transmission in the proposed coding system. So far, most of the effort in joint source-

channel coding in the audio domain has been devoted to toll quality. Thus, it would be

of interest to develop a joint source-channel coding scheme for wide-band speech audio.



Appendix A

High Resolution Hypothesis

In this appendix we analyze the high resolution hypothesis of a scalar quantizer. If

the number of quantization levéis, L, is large and we know the PDF, ps(x), of the signal

being quantized. Then, we can obtain an expression for the optimal partition and an

expression for the quantization noise power, only in terms of ps(x). The high resolution

hypothesis states that we can suppose the PDF constant inside the interval [t'-1,t*] and

its representative valué can be taken from the middle of the interval.

ps(x) « ps(sl) far «el-*-1,-*] (A.1)

«.«ISzLtía (A.2)

We define

A(¿) = f- f-1 (A.3)

the length of the interval is [íi_1, f] and the probality that s(n) belongs to this interval

is given by

Pr(i) = Pr{S € [í<-1,íi]} = Ps(Si)^(i) (A.4)

The variance of the quantization noise is given by the expression

o* = ¿2p.{f)£jx-#)2dx (A.5)
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we can write the integral in the right side of Equation A.5 as

r+A(i)/2 A3(¿)/•_" r+A(i)/2

/ (x
- s1)2 dx - x2dx =

A'-l
'

J-A(i)/2A(i)/2
l2

(A.6)

then, we obtain

<r2q = ^Y,Ps(ñ^(i) (A.7)
12 f

i=i

with the help of Equation A.4, we can write the last expression as

^_><0^__iE(A*>12 12
¿=i

(A.8)

This expression lets us know that the variance of the quantization noise only depends

of the interval length A(i). We must find {A(l),
• ■ ■

, A(2_)} that let us minimize o2.

We will write part of the Equation A.7 in a different way

a3(Í)=Ps(í)A3(i) (A.9)

Now we can write

L L
í f+°° i

£_(i) = JJ (Ps(&1))
3

A(¿) « / (ps(x))5 dx = constant (A.10)
i=i i=i

J~°°

this integral does not depend anymore of A (i). Now, the problem is to minimize the

sum of L positive numbers in such a way that their sum is a constant. The easiest way

to overeóme this problem is to make the L numbers identical

_.(_)= ■-. =_.(_.)

this implies that

«3(1)= ••■=a3(_.)

Ps(á1)A3(l)=-.. =Ps(sL)A3(L)

This means that an interval will be smaller than the probability that s(n) belongs

to such interval. All the intervals will have the same contribution in the quantization

noise variance. For the next part we use a simplification, L — 2 — 1 « 2 . which is
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valid due to the high resolution hypothesis. Now, we can write the quantization noise

variance as

where a stands for

Finally, we obtain

°\ = ¿a3 (A.11)

r+oo .

a= (ps(x))~3 dx (A.12)
J—oo

ct_
= ¿ (/^W>)* <*=) 2_26 (Ai3)

This is not a rigorous mathematical demonstration, but will be very helpful for our

purposes. Now, let us suppose the signal s(n) has a uniform PDF, p¡(x) = ¿j, —A <

x < A, with mean ps
= 0 and variance o2 = A2/3. In this case, using Equation A.13

we obtain

■i-n(/:(nW*- (A14)

o\ =^ = o2A-2b (A.15)

Now, let us suppose that we have a Gaussian source, centered (ps = 0), with variance

o2, for the which

i A
Ps(x) =

-j=
e^s (A.16)

then we have

/+00
,

r+OO 1 x2

(p.(x))5 dx = / e^F dx (A.17)
-oo J-oo (2-KOf)

'

/+oo
. i /-+oo 1 i2

(p,(_:))5 dx = (27ras2)5 V3J_^ -^==
e^ dx (A.18)

/+oo
. i

(p.(a:))3 dx = (2iro*)* y/3 (A.19)
■oo
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Now, we can conclude that

CT«
= ^27ro-233/22-2* (A.20)

o\ = ho22-2b (A.21)

where h — ^ 7r. In the two previous examples, we have seen that the quantization noise

variance is always proportional to the signal variance and the number of quantization

levéis,

o2q = Ko2a2-2b (A.22)

where the proportionality constant k depends on the PDF of s(n). As we have previ

ously seen for a uniform PDF k — 1 and for a Gaussian PDF k = ^ ir. These two

proportionality constants will be very useful for our purposes. The calculation of more

proportionality constants is out of the scope of this thesis, but the reader is referred to

[41, 29] for further information.



Appendix B

Bit Allocation

To solve the bit allocation problem of a transform coder, we assume that the trans

form coefficients have a Gaussian PDF, thus all the constants hi will be identical and

they will not suffer any modification during the linear transformation. The goal of

optimal bit allocation is to minimize the distortion D in the expression

h
M_1

/.

D =

77 _C CTv.2_26i where h =
3T* (B1)

M
.

1=0

under the constraint

M-l

J2bi- bM- (B-2)
i=0

We know the axithmetic/geometric mean inequality states that for any positive real

numbers a¿, .

= 0, 1,
■ ■ •

,
M —

1,

i

M-l /M-l \ Ai

¿5>< n« <b-3)
i=0 \ ¿=0 /

if we make a. = o\2~2bi, the last expression becomes

M-l /M-l \
m /M-l <

¿EHr-_ g**
-

g«
2-2¿3=o m

. M-l

j- ¿2 o\2-2hi < a22~2b (B.4)
M

.

i=0
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where a2 = [Yl^Lo1 aYi
"

^he opti1113^ valué is reached when all the terms involved

in the sum are equal, i.e., all the transform coefficients have the same variance, in such

case the inequality becomes an equality. Thus, for any i we have

Then,

°Yi2-.2-2bi
= a22~2b (B.5)

(B.6)



Appendix C

Continous Wavelet Transform

Although the definition of the Continuous Wavelet Iransform (CWT) was briefly

introduced in Chapter 2, we repeat it here for completeness. A slightly different proof

can also be found in [16, 51, 77, 82]. The CWT of a function g G L2(R) at time u and

scale s is defined as

Wg(u, s) = (g, i>u,s) =^ 9(t)~j=r (^p) dt (C.l)

Theorem. (Calderón-Grossman-Morlet). Let i¡) 6 L2(R) be a real function

such that

c-r&&+<+* <c-2>
J-oo <"

Any g € L2(R) satisfies

»<«yj-Sy^^ (y) *? (°-3)

Proof. Let

/+oo g(t)e-jutdt (CA)
•oo

and

/+oo i>(t)e~jutdt (C.5)
■oo

The Fourier Transform of ipu,3(t) = ~7ñ^ {t=r) is Siven by the expression

^(m)}-Iy(^)'-^
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if we make t' = t/s

r+oo

=
í

°°

^ (t' - H) e-***-?),.-*» s dí/

= a*(_w)e-,'u" (C.7)

Another way of writing this expression is

-/, (—) =w~ Í
°°

^{su})e-¿ümé>^tkj. (C.8)

Inserting the right side of Equation C.4 into -C.l gives

WíM -

-híZ (s£TOM^*') ** (^) * <C9)

arranging the order of the integráis gives

W°M =^m¡ZGM¡Z*' (rñ •*"**■ <C10)

and using Equation C.7 in the last expression results in

Wg(u, s) = ^H [+°° G(u) #*(___ )e>udc_ (Cll)
27r y-oo

Now, substituting Equations C.8, -Cll into Equation C.3

e.+OO r+OO r+OO /-+O0/.+oo r+oo r+aa r+oo j„

9(t) _= _|— / / / G(-.)**(aí-)c,'ümdw / *(«n)B-,'n"e,'n*dí. ^du
47T G^ J-oo 7-00 ./-OO ./-OO S

(C.12)

1 /,+°°
_!_ / eí_<«-n)<í|1 __

¿(w
_

nj (C 13)
27r J-oo

and

/•+oo

2tt,

Therefore uj — í_, otherwise the result would be zero. Arranging the order of the

integráis we obtain

i r+oo i r+oo i

g(t) = — G(u;)ejntduj ■ -^ -<L>*(sLj)y(suj)ds (CU)
2t J-oo ^V J-oo s

The first part of the right side is easily identified as the inverse Fourier transform of

G(w). In the second part, if we make a = su)

9(t) = g(t) ■ ¿- [+X'l-^^da (C.15)
W J-oo a

Finally, using the condition imposed by Equation C.2 the proof is complete.



Appendix D

Noble Identities

Sample rate converters and and filters can be exchanged in a multirate system if

they satisfy the properties depicted in Figure D.l, where G(z) is a rational transfer

function. These equivalences are known as noble identities [77, 80, 79].

xfn)

Identity 1

x(n)
G{zM) -*®-$

y(n)
-*■

Mn)
G(z)

Identity 2

y(n) x(n) . y(n)
-*■

Figure D.l: Noble identities in multirate systems, for subsamplers (top) and downsam-

plers (bottom).
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Appendix E

ISO/IEC MPEG Psychoacoustic

Model

The MPEG psychoacoustic models are independent psychoacoustic algorithms that

can be adjusted and adapted to different requirements. This appendix has been taken

and adapted from [37] and presents the general Psychoacoustic Model II. This psy-

chacoustic model has been modified to fit the particular necessities of the proposed

coder.

The following are the necessary steps for calculation of the masking threshold used

in the coder.

1. Reconstruct 512 samples ofthe input signal. The window size required to calcúlate

the masking threshold is 512 samples. This window (s., where 1 < i < 512) is

formed by concatenating the 256 samples of the current data block to the 256

samples of previous data block. The first masking threshold is caículated by

duplicating the first 256 samples block. This process can also be seen as a sliding

window Si of 512 samples with an overlapping of 50%.

2. Calcúlate the complex spectrum of the input signal. First, s. is windowed by a

512 point Hann window, i.e., st_. = s.
■ Í0.5 - 0.5cos ( _i_ ))•

Second, a standard 1024-point FFT of s_.¿ is then caículated. swí is centered and

then zero padded.

Third, the polar representation of the transform is then caículated. r_, and /_,

represent the magnitude and phase components of the transformed stu. respec-
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tively, where 1 < u < 513. An index of 1 for w corresponds to the DC term and

513 corresponds to Nyquist frequency (8 kHz.).

3. Calcúlate a predicted r and f. A predicted magnitude ru, and phase /¡_ are

caículated from the preceeding two threshold calculation blocks r and /:

fu = 2ru(t-l)-ru(t-2) (E.l)

L = 2/_,(í
- 1)

-

/«.(<
-

2) (E.2)

where t represents the current block number, t
— 1 indexes the previous block

data, and t
— 2 indexes the data block before that.

4. Calcúlate the unpredictability measure c_,. The unpredictability measure is de

fined as:

Cin —

írw cos(/w) - f_, cos(/.)j + (ru sin(fu) - fu sin(/J)J
r<_ + abs(fu)

(E.3)

5. Calcúlate the energy and unpredictability in the threshold calculation partitions.

The energy in each partition, ej, is:

i-high6

eb= £ rl (E-4)

eV=_llOW(,

and the weighted unpredictability, c¡,, is

whight

eb= X. *"¿c_, (E.5)

(.=<-l0W(,

The threshold calculation partitions provide a resolution of approximately either

one FFT line or | critical band, which ever is wider. At low frequencies, a single

line of the FFT will constitute a calculation partition. At high frequencies, many

lines will be combined into one calculation partition. A set of partition valúes is

provided in Table E.l for a sampling rate of 16 kHz. The elements of this table

will be used in the threshold calculation process. The elements in the table are:

• The index of the calculation partition, 6.
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• The lowest frequency line in the partition, o/low..

• The highest frequency line in the partition whighj.

• The median Bark valué of the partition, bvalb-

• A lower limit for the SNR in the partition that controls unmasking effects,

minvali,.

• The valué for tone masking noise (in dB) for the partition, TMN¡,.

6. Convolve the partitioned energy and unpredictability with the spreading function.

bmax

ecbb = ¿2 ew,
■ sprdngf(6uoZw,, bvalb) (E.6)

66=1

bmax

ctb = ¿2 Cbb
• sprdngf(6uo/w„ bvalb) (E.7)

66=1

In this appendix several points are refered to spreading function. It is caículated

by the following method:

tmpx = 1.050'
-

*) (E.8)

where i is the Bark valué of the signal being spread, j is the Bark valué of the

band being spread into, and tmpx is a temporary variable.

x = 8 minimum {(tmpx
- 0.5)2 -

2(tmpx - 0.5), 0) (E.9)

where x is a temporary variable, and minimum (a, b) is a function returning the

more negative of a or 6.

tmpy = 15.811389 + 7.5(ímpx + 0.474) - 17.5 (1.0 + (tmpx + 0.474)2)
»

(E.10)

where tmpy is another temporary variable.

sprdngf(.,,;') = 10 "> >

(E.ll)

Because cí¡, is weighted by the signal energy, it must be renormalized to cbb-

cbb = ^- (E-12)
ecbb
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rnormb
=

^^ , „. , , , r. (E'14)

At the same time, due to the non-normalized nature of the spreading function,

ecbb should be renormalized and the normalized energy enb caículated

enb
= ec&6/ rnormb (E.13)

where, the normalization coeflicient, rnormb, is:

YT=o sprdng^íwaZfeft, bvalb)

7. Convert cbb to tbb, the tonality index.

tbb = -0.299 - 0.43 loge(c66) (E.15)

Each tbb is limited to the range of 0 < í6(, < 1.

8. Calcúlate the required SNR in each partition. NMTb = 5.5dB for all b. NMTb

is the valué for noise masking tone (in dB) for the partition. The required signal

to noise ratio, SNRb, is:

SNRb = máximum (minvalb, tbb ■ TMNb + (1
-

tbb) ■ NMTb) (E.16)

where maximum(a, b) is a function returning the least negative of a or b.

9. Calcúlate the power ratio. The power ratio, bcb, is:

bcb = 10^^ (E.17)

10. Calculation ofthe actual energy threshold nbb.

nbb = enbbcb (E.18)

11. Spread the threshold energy over FFT lines, yielding nb^.

nb» =
v ü n\ TT (E-1Q)

whighj,
—

c-low¡, + 1

12. Include absolute threshold. This yields the final energy threshold of audibility,

thr,,!, given the expression

thru = máximum (nbu,absthru) (E.20)

The dB valúes of absthr are caículated using Equation 4.2. This threshold must

be fixed relative to the level of a sine wave of ±1 lsb @ 4000 Hz in the FFT

used for threshold calculation. The dB valúes must be converted into the energy

domain after considering the FFT normalization actually used.



Index hffow (¿high bval minval TMN

b bins bins [Bark] [dB] [dB]

1 1 1 0 0 24.5

2 2 5 0.4631 0 24.5

3 6 9 1.0789 20 24.5

4 10 13 1.6904 20 24.5

5 14 17 2.2950 20 24.5

6 18 21 2.8903 20 24.5

7 22 25 3.4741 20 24.5

8 26 29 4.0446 20 24.5

9 30 33 4.6001 20 24.5

10 34 37 5.1394 20 24.5

11 38 41 5.6614 20 24.5

12 42 45 6.1655 17 24.5

13 46 49 6.6513 17 24.5

14 50 53 7.1186 15 24.5

15 54 58 7.6221 15 24.5

16 59 63 8.1545 13 24.5

17 64 68 8.6590 10 24.5

18 69 73 9.1366 7 24.5

19 74 78 9.5884 7 24.5

20 79 84 10.0572 4.4 24.5572

21 85 90 10.5369 4.4 25.0369

22 91 96 10.9858 4.4 25.4858

23 97 102 11.4061 4.5 25.9061

24 103 109 11.8319 4.5 26.3319

25 110 116 12.2591 4.5 26.7591

26 117 124 12.6841 4.5 27.1841

27 125 132 13.1041 4.5 27.6041

28 133 141 13.5167 4.5 28.0167

29 142 150 13.9205 4.5 28.4205

30 151 160 14.3142 4.5 28.8142

31 161 171 14.7156 4.5 29.2156

32 172 182 15.1035 4.5 29.6035

33 183 194 15.4784 4.5 29.9784

34 195 207 15.8558 4.5 30.3558

35 208 221 16.2334 4.5 30.7334

36 222 236 16.6101 4.5 31.1101

37 237 252 16.9852 4.5 31.4852

38 253 269 17.3583 4.5 31.8583

39 270 287 17.7294 4.5 32.2294

40 288 306 18.0987 4.5 32.5987

41 307 326 18.4661 4.5 32.9661

42 327 347 18.8313 4.5 33.3313

43 348 369 19.1938 4.5 33.6938

44 370 392 19.5525 4.5 34.0525

45 393 416 19.9061 4.5 34.4061

46 417 442 20.2596 4.5 34.7596

47 443 470 20.6160 4.5 35.1160

48 471 500 20.9706 4.5 35.4706

49 501 513 21.2152 4.5 35.7152

Table E.l: Calculation partition table. This table is valid only at a sampling rate of 16

kHz.
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