
©1997 Paul Masri
PDF downloaded from http://www.fen.bris.ac.uk/elec/dmr

COMPUTER MODELLING OF SOUND

FOR

TRANSFORMATION AND SYNTHESIS

OF

MUSICAL SIGNALS

Paul Masri

December 1996

A thesis submitted to the University of Bristol in accordance with the requirements
for the degree of Doctor of Philosophy in the Faculty of Engineering, Department
of Electrical and Electronic Engineering.



©1997 Paul Masri
PDF downloaded from http://www.fen.bris.ac.uk/elec/dmr

ABSTRACT

The purpose of this thesis is to develop a sound model that can be used as a creative tool by
professional musicians.  Post-production editing suites are used for compiling and arranging
music tracks, and for creating soundtracks and voice-overs for the radio, television and film
industries.  A sound model would bring a new dimension of flexibility to these systems,
allowing the user to stretch and mould sounds as they please.

Sound models already exist but they are limited both in their usability and in their scope for
representation.  All aspects of the model in this thesis use designer-preset global variables
which are transparent to the user.  Within this restriction and preserving manipulation
flexibility, the aim of the thesis is to improve the range of sounds that can be modelled and the
accuracy of modelling.  These are dependent on the choice of model elements and the accuracy
of the analysis-resynthesis system (which translates between the playable time domain
waveform and the controllable model feature domain, making the model usable).

The basis of the model of this thesis is a deterministic-stochastic classification;  the partials of
the harmonic structure of pitched sounds are individually represented in the deterministic
aspect, whilst the stochastic aspect models the remainder as broadband noise.  Three studies
were carried out to improve aspects of the analysis-resynthesis system.  These focus on:

• the time-frequency representation, by which the analyser ‘sees’ detail in the sound;

• frame linking, which converts the instantaneous partial estimates into continuous
trajectories – this is essential for synthesis quality and for musical manipulation;

• percussive note onsets, which are not represented in the existing models.

The standard time-frequency representation for sound modelling, the Short-Time Fourier
Transform, has limited resolution and is inadequate for capturing the detail of rapidly changing
elements.  The first study examines the distortion it generates when it represents a
nonstationary element and derives a method for extracting extra information from the
distortion, thereby improving the effective resolution.

The fact that partials belong to a harmonic structure is not considered in the existing ‘Nearest
Frequency’ method of frame linking;  the result is audible scrambling of the higher frequencies.
The second study proposes using the harmonic structure as the basis for linking.  Although this
is not a new concept, it is implemented in such a way that detail can be extracted from the
harmonically weak start and end of harmonic regions, thereby improving synthesis quality.

The existing model assumes all sound elements are slow-changing, so abrupt changes are
poorly represented and sound diffused upon synthesis.  The third study finds a way of
incorporating ‘attack transients’ into the model.  The method pre-scans a sound for percussive
onsets and synchronises both analysis and synthesis so as to avoid the previous problems.  The
crispness of synthesised attack transients clearly demonstrate the effectiveness of this method.

From many observations over the course of these studies, it became noticeable that the hard
deterministic-stochastic classification was not capturing the ‘roughness’ of some sounds
accurately.  Further investigations revealed that detail is missing from the synthesised partials.
A new basis for a sound model, termed here the Noisy Partial model, aims to rectify this by
introducing the noisiness into the partials themselves.  In this new classification, deterministic
and stochastic appear as opposite extremes on a continuously variable scale.  The new model
promises a simplified structure and more efficient processing.  Suggestions are made for
investigating this further as a future work direction.
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1. INTRODUCTION

This thesis serves as a summary of research activities over the past four years in the subject of
computer modelling of musical signals.  The primary research goal is the development of a
sound model and the analysis-resynthesis tools to implement it, with the target set on perfect
representation of sound.

In essence, the model is a set of parameterised sound features.  The choice of features defines
the scope of the model and their parameters define properties of the sound within that scope.  If
the feature set matches the properties of a particular sound, the model has in effect captured
the sound’s features.  Therefore the model can be applied to existing sounds and the feature set
can be considered a specialised representation of sound.

All aspects of this thesis revolve around the concept of the representation of sound.  The time
domain waveform, for example, is a perfect representation of an audio signal.  It captures all
the features of a sound, because it captures the air pressure fluctuations that were generated by
the sound source(s) at the recording location.

If the aim of the model were simply the storage and reproduction of sound, then the time
domain sample would be the ideal representation, because it captures all the features and it
easily facilitates reproduction.  The purpose of the presented study, however, is for musical
application.  The sound model should not simply capture features for reproduction (although it
should be perceptually accurate), but should represent them in such a way as to facilitate
modifications that have musical meaning.

In the time domain sample, the features are present but they are fused together, so that they are
not easily accessible, and therefore not easily transformable.  Within the sound model
representation, the features must be distinguishable, so that individual features can be accessed
and/or modified.  Hence the model is implemented as an analysis-resynthesis system; see Figure
1.1.

The analysis process ‘looks for’ certain properties in the sound signal and compiles the results
into a data set, in effect separating the features.  The musician can then transform the sound in
the model domain, by modifying the features.  To hear the results, the synthesis process
recombines the features, generating a time domain sample which can be played.

SynthesisAnalysis

Parameters
for

Transformation

Feature 1

Feature N
Feature N-1

Feature 2
Musical

Transformation
by

Feature
Modification

Figure 1.1 - Sound analysis-resynthesis system
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With the purpose of the analysis-resynthesis system defined as a tool for musical
transformation, the search begins for the model components – the sound features – with which
a sound is to be represented.  This investigation begins in chapter two, which considers what
features to look for in a sound and reviews previous studies to provide a basis for the
investigations of this thesis.  Further details of the chapter breakdown can be found in section
1.3 below.

Before examining the finer details of the model, the following discussions give an overview of
how the field of Computer Music research has evolved and includes a summary of the role of
analysis-resynthesis.
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1.1 Computer Music and the Field of Sound Modelling

The research field known as ‘Computer Music’ is relatively young, having only started – in a
co-ordinated sense – about 25 years ago.  It is itself a synthesis, having arisen from scientific
research applying signal processing techniques to musical sounds and from music research
which began to use computers as its tools for automating composition analysis.  Today, the
subject remains just as eclectic, as can be witnessed at the annual International Computer
Music Conference (ICMC), which attracts both the scientific and music communities and
includes both technical presentations and concerts of electro-acoustic music1.

The current areas of research activity span a wide range of disciplines, whose common thread
is the application of computers to music.  At one extreme this includes philosophical discussion
of the aesthetics of electro-acoustic music, and at the other extreme machine recognition of
(traditional) music, which applies psychoacoustics and the theories of timbre perception, to
model rhythmic and melodic structures.  At one end of the spectrum it includes methodologies
for synthesising sound with all its micro-textural detail, whilst at the other end it includes
interactive performance, in which a computer controls a synthesiser to provide an
accompaniment to live jazz improvisation of human performers.  Within composition, it
encompasses, on the one hand, algorithmic composition (in which the computer generates the
composition), and on the other, data structures and notation schemes, for developing new music
representations that are better suited to the increasing degree of sonic flexibility than the
traditional method of score notation.

This thesis concerns itself with the modelling of sound textures.  It is the application of
engineering skills in signal processing to model sound signals.  However, in encountering the
aesthetic world of music, it is not untouched;  the discipline requires modelling that goes
beyond the sterile technicalities of audio compression and reproduction, towards a
representation that integrates sufficient understanding to facilitate musical transformations.  As
such, there is an essential subjective element to the investigations, where the human ear
becomes the ultimate spectrum analyser, presiding over the electronic ears of automated signal
representations.

                                                  
1 Electro-acoustic music means music generated electronically, but it has come to mean music that goes beyond
the normal concepts of rhythm and melody and uses computers in some way to actuate or synthesise sound.
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1.2 Analysis-Resynthesis and its Applications

"These days ... people make more use of samples, attempting to
push them further in terms of performance and expression.  Modern
synths and workstations have sounds based on samples, so why
shouldn't their sound manipulation and performance capabilities be
available on machines that actually record samples?"

——— Future Music magazine [Evans,1993]

The above quote was taken from a product review in a popular UK music technology
magazine, which appeared shortly after this work began.  It highlights the gap in music
technology for tools that can bring the flexibility of synthesisers to sample-based systems.

Synthesisers gain their flexibility by having a parameterised architecture, where each parameter
can effect a change in the timbre of the sound.  Samplers conversely, are glorified record-
playback devices with flexible editing and filtering controls, but no parameters for timbre
control.  Analysis-resynthesis bridges the gap by bringing parameterised control to samples.  It
has the same ability as a sampler to record and replay, cut and paste, reverse and filter, but it
also gains the advantage of the synthesiser to manipulate the timbre by parametric control.

The immediate applications for analysis-resynthesis are obviously as the engine of a sample
manipulation system, as might be found in a post-production editing suite.  However, the fact
that it bridges the gap between the disparate formats of synthesisers and samplers may lead it
to become a universal sound description format, so that sound data would be communicated
between systems in a flexible format, only being synthesised at the point of digital-to-analogue
conversion.

This brief discussion indicates the importance of analysis-resynthesis modelling as the basis of
a musicians’ tool.  The discussion is pursued in more depth in chapter seven, where the results
of the intermediate chapters are also taken into account.
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1.3 Overview of the Thesis

The theme of this thesis is the features that make up the sound model’s data set.  Under
consideration are the choice of features, how well they represent an arbitrary sound, how
usable they are for musical transformations and how they may be extracted from a source
sound during the analysis phase.

Chapter 2

Since the data set is not an arbitrary mathematical description, but must be relevant to the
musical nature of the sounds to be processed, the first step in the thesis is to observe properties
of sounds that can be considered musical.  Chapter two begins by exploring a possible
definition for the term ‘musical signal’.  Since many people’s views differ as to what is or is
not a musical sound, this definition is not intended as an absolute, but merely as a basis from
which to begin building up a model.  (As the model matures, the choice of features can be
refined until an arbitrary sound can be analysed and used musically under transformation.)
This catalogue of observations establishes a foundation, from which model developments can
evolve, as a process of matching signal processing techniques to perceived phenomena, and a
benchmark against which achievements can be evaluated.

The chapter follows with a review of literature in the field of sound and musical instrument
modelling.  The review forms the technical foundation for the presented work, both by placing
it in context and through its value as a source of experience and wisdom within this field.
Indeed the initial model used for the thesis work, presented in the next section, draws largely
from these references.

The Deterministic Plus Stochastic model [Serra,1989] is presented as the basis of the ‘Initial
Model’, so the description begins with a summary of this model.   Where changes have been
made, these alterations are explained and justified.  Each description is accompanied by a
critique that aims to inform the reader of the merits and demerits of the techniques employed.
In this way the major issues are brought into perspective.  Briefly, they include:

• the lack of automation caused by the need to manually set many analysis parameters;

• the lack of resolution in the Short Time Fourier Transform (STFT);

• the inherent weakness of the ‘Nearest Frequency’ approach to frame linking, which is
also a by-product of the lack of resolution in the STFT;

• the inability of the model to respond to fast changes in a sound, particularly attack
transients;

• the lack of fusion between the deterministic and stochastic aspects of synthesised sounds.

Chapter two, therefore, provides a launching pad for the investigations of the thesis, providing
both the technical and musical bases from which to begin the investigations.
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Chapter 3

The feature set that is used in the thesis is based on a time-frequency representation (TFR) of
sound signals.  Therefore it is of the utmost importance that this representation be accurate.
More specifically, the representation must be capable of presenting the data that is required
accurately.  The Fourier Transform (FT) and its algorithmic counterpart, the Fast Fourier
Transform (FFT) have long been bemoaned for the lack of time-frequency resolution.  Yet the
STFT, which is composed of FFT frames of multiple time segments, is the accepted time-
frequency representation for sound decomposition.  For fast changing spectral components,
which include the higher partials of even the most static pitched sounds, its representation can
be rather inadequate.

Chapter three is concerned with the appropriateness of the time-frequency representation (TFR)
for sound analysis.  The chapter begins with a discussion promoting the necessity first to decide
what is needed from a TFR, and then to choose or design a representation that best satisfies
those needs.  It is shown that this decision depends on the features to be extracted for the
model, which in turn depends on the application for the model.  The basis of the discussion is
that, as model designers, our perspective on the problem colours what we can see from a
representation.  For example, the FFT presents the localised spectrum of a signal without
ascribing a meaning to the data, yet we can choose to interpret a maximum as evidence of a
partial, and in so doing, we can gain information and suffer from perceived distortion.

The chosen application for demonstrating the effectiveness of the model is time-stretch.  The
desired effects under transformation determine the features of greatest importance, and this in
turn indicates the properties that must be easily extracted from a TFR.

The second part of the chapter presents a number of alternative mathematical distributions
including the wavelet transform, higher order spectra (e.g. bilinear, Wigner) and parametric
techniques (e.g. ARMA).  This is followed by a catalogue of innovative TFR’s that have been
constructed from mathematical distributions, but do not rely on the distribution’s ‘plain image’
for extraction of information.  The merits and limitations of applying each as a TFR for sound
analysis are examined.

One particular avenue is explored in more depth in the third part of the chapter: that of
extracting higher order information (usually considered limited to higher order spectra) from
the FFT, by application of model information.  Briefly, knowledge that the FFT contains all
information about the signal represented (not just information about stationary spectra) is
combined with the expectation that peaks in the FFT are indeed partials, to yield data about the
rate of change of frequency and amplitude, in addition to the usual frequency, amplitude, phase
measurements.  This is achieved by considering changes in phase across each peak as an
information source, instead of labelling it ‘distortion’.

The advantage of this extra information is an effective improvement in time-frequency
resolution.  In addition, the information could be usefully employed to assist in peak validation
(deciding whether a maximum is a partial or a spurious FFT artifact) and peak linking between
frames.



CHAPTER 1 INTRODUCTION

©1997 Paul Masri –  8  –
PDF downloaded from http://www.fen.bris.ac.uk/elec/dmr

Chapter 4

Partial trajectories are the primary model feature for describing the pitched aspect of sounds.
For this frame-based time-frequency analysis, each partial’s instantaneous status is identified
from peaks in the spectrum of each frame.  In order to preserve continuity upon synthesis, there
needs to be a method for linking the peaks between frames, to reconstruct the partials’
trajectories.  This is based on linking a peak in one frame to the peak of nearest frequency in
the next.

Chapter four presents an argument for replacing the ‘nearest frequency’ linking method with
one based on the harmonic structure.  The first part of the chapter highlights deficiencies in the
nearest frequency method that would be overcome (or improved upon) by changing to the
harmonic method.  One obvious motivation is that only peaks which are partials (i.e. those that
belong to a harmonic structure) are desired, so a method based on that structure is an obvious
choice.

The idea of harmonic linking is not new, but to date most of the methods employed have been
rather primitive.  The next section of the chapter describes a method that determines the
fundamental frequency (where a harmonic structure exists), links peaks to the harmonic
structure within each frame and then links the structure between frames, by virtue of the slow
changing fundamental.  The method has been designed to cope with the limitations of
fundamental frequency detection algorithms, so that suspected miscalculations can be
corrected.  In addition it can track the structure when it is weak, such as at the start and end of
a voiced phoneme in speech.

Chapter 5

One limitation of time-frequency representations already mentioned is that of resolution.  The
need to correctly separate partial peaks in the spectrum forces time resolution to be surrendered
in exchange for frequency resolution.  This makes the model suitable only for relatively slow
changing spectra.  This trait is further reinforced during synthesis, where the model features are
slowly faded in and out between frames.  For the majority of sounds, there is little or no
problem (beyond a perceived increase in reverberation), however for sounds that include
percussive attacks, the result upon resynthesis can be an audible diffusion or even a total
dropout.

Chapter five begins by examining this problem in terms of both the perceived effect and its
signal processing cause.  Problems exist both in analysis, where sudden changes in the
waveform cause large scale distortion in the FFT spectrum, and upon synthesis, where the slow
fades soften the hard edge of an attack transient.

The solution, described in the next section of the chapter, uses a detection scheme to locate
attack transient onsets, and then restrains the analysis and synthesis around these locations, to
avoid the problems.  The method enables a new feature – the attack transient – to be
incorporated into the model without much impact to the established model structure.

Chapter 6

Chapter six provides an opportunity to reflect on the work presented and to consider where it
can lead.  Each of the innovations of chapters three to five are individually assessed and
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critiqued, in much the same way that chapter two approached the Deterministic Plus Stochastic
model.  The impact on the model is examined in terms of changes required to the analysis-
resynthesis structure and the effect on computational load.  Then the specifics of the
methodology and its implementation are examined, highlighting achievements and pointing out
weaknesses.  The effect of combining all three studies is also appraised, indicating the
synergies that can be gained and the areas that require further investigation.

Following on naturally from the critiques, future research directions are proposed for each of
these areas – suggestions that are made by virtue of experience gained during the work of this
thesis.  One such example is a major direction for new work, whose need became evident over
the course of the described studies, although it is not a direct extension to any of the
aforementioned investigations.  This is presented in the final part of the chapter.

The discussion questions the validity of the deterministic-stochastic classification and suggests
a reshaping of the model that should improve sound quality, simplify computation and data
storage, and reduce the data set.  The basis of the idea is that the noisiness of sounds is often
not additive, but results from small scale chaotic variations in the partials themselves.

The discussion proposes that the hard classification between deterministic and stochastic be
replaced by a smooth transition, where only the extremes are perfectly sinusoidal partials and
totally additive noise.  In between lies a spectral component that is neither one nor the other – a
noisy partial, whose noisiness becomes a model parameter.  The proposal is justified through
observations of physical sound generators and evidence from signal processing.  Means for
implementation with its implicit reshaping of the model are discussed and potential routes for
proceeding with the research are suggested.

Chapter 7

Chapter seven discusses practical applications of the sound model in two parts.  The first part
looks at how it could work to improve musical systems.  Already indicated in section 1.2, there
is a difference in the roles and methods of sound creation between synthesisers and samplers.
This is a result of the different representation formats and synthesis architectures.  The sound
model provides a common platform for all sound description.  With intelligent implementation
it could not only enhance the sound quality and flexibility of the existing systems, but also open
up possibilities for new (and more intuitive) ways of creating and working with sound.
Applications are presented for both live performance tools and studio-based post-production
editing consoles.

The second part of the chapter presents applications of the sound model in new research.  Two
examples are discussed, which are ongoing projects at the University of Bristol’s Digital Music
Research Group.  The first is a scheme applying neural networks to enable the sound model to
become an instrument model, capturing and facilitating manipulation of playing controls as
well as sound features.  The second applies a simplified form of the analysis-resynthesis system
to speech synthesis;  its flexibility for manipulation is ideal for creating text-to-speech systems
that can emulate natural intonation.
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Chapter 8

Chapter eight concludes by reviewing the goals of sound model development.  The specific
objectives of this thesis are restated and the achievements of each of the studies are summarised
in this light, to demonstrate how they have helped to move sound modelling toward those goals.
The closing discussion takes a look at the final model in comparison with the current state-of-
the-art and then looks forward to where new research is leading.

Appendices

Appendices A-C provide the reader with copies of the author’s publications to-date in this
subject area.
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CHAPTER TWO

MUSICAL SIGNALS

AND HOW THEY CAN BE MODELLED
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2. MUSICAL SIGNALS

AND HOW THEY CAN BE MODELLED

The first part of the chapter looks at what is meant by the term ‘musical signal’.  Various
properties of sounds are explored to identify which ones constitute a musical sound, in the
context of the work of this thesis.  As these properties are examined, their signal form is also
presented, the first step in developing a model for musical signals.

The second section is a review of the prior history of modelling musical instruments and
sounds.  This covers a range of literature but it is presented in categories, based on the broad
approach to modelling of each study.

From this basis, the third and final part of the chapter describes ‘the Initial Model’, which is to
be the starting point for all developments described in later chapters.  The Initial Model is
based on the innovations of previous sinusoidal models (described in the review section,
2.2.2.1) because these have been shown to provide the closest correlation between model
features and observed properties of sounds.  One particular variant is focused on, which
demonstrates an enhanced flexibility for sound transformation.  The Initial Model is described
in some detail, its aims and its functionality, so that the investigations of the later chapters are
placed in a clear context.



CHAPTER 2 MUSICAL SIGNALS AND HOW THEY CAN BE MODELLED

©1997 Paul Masri –  13  –
PDF downloaded from http://www.fen.bris.ac.uk/elec/dmr

2.1 What is a Musical Signal?

First of all, why do we need a definition of a musical signal in order to model sound?  The
answer is: because we want to transform sounds in ways that have musical meaning.  Therefore
we need to be able to extract features from the audio signal that have musical value.

Building the Model by Expanding the Definition

Just as the word ‘sound’ is specific from the word ‘audio’, in that it implies a listener and
therefore it is a perceptual description of a signal, so too ‘musical’ specifies a usage of sounds
that is artistic and creative.  It is true that any description limiting which sounds can be used in
music will not be universally acceptable.  However, in the context of developing a model, such
restrictions make it easier to begin classifying features.

Within this section, the description is initially narrow, enabling one class of sounds to be
included.  Upon consideration of the next property, that description widens.  In this way, with
ever decreasing steps, the description of ‘musical signal’ approaches parity with ‘sound signal’
and a set of features is compiled that approaches the total domain of audio signals.  This
process is presented graphically in Figure 2.1 for the properties considered in this section.

Our Improved Understanding of Sound

The first experiments to understand the composition of sound are credited to Hermann von
Helmholtz (whose work is translated in [von Helmholtz,1954] – it was originally published in
1877).  His work effectively established the notion of the sinusoidal partial and the concept that
timbre – the tonal equivalent of hue – was related to the strengths of the harmonic resonances.
Indeed the results of these experiments on the steady-state portion of sounds persisted to the
latter half of this century, in which synthesis of the steady-state spectrum alone was hoped to

Pitched

Harmonic

Roughly
Harmonic Noisy

Percussive

All Sound

Inharmonic

Figure 2.1 – Venn diagram of the set of all sounds
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be sufficient for reproducing instrument timbres.  The poor results of steady-state synthesis
marks the start of the recent investigations into the composition of sound and how it may be
synthesised.

Much of today’s research into sound decomposition comes from the standpoint of creating
flexible tools for musicians.  However the refinements to the model also reflect improved
understanding of the composition of sound.  In the past 20-30 years understanding of sound has
progressed at a rapid pace (compared to previous history).  Yet even today our understanding
(our model) is somewhat limited.1

2.1.2 Harmonic Structure

The most important component of conventional music is melody, the sequence of notes or
pitches.  Pitch is perceived in signals from the rate of repetition of the audio waveform; the
higher the frequency of repetition, the higher the pitch.

By application of Fourier theory – more specifically the Fourier Series – any waveform that is
periodic can be described as the superposition of harmonically related sinusoids.  These
sinusoids, whose frequencies are all integer multiples of a fundamental frequency, sum to
generate a waveform whose period is that of the fundamental.  In musical parlance, these
sinewaves are called partials, where the index of the partial is its frequency as a ratio of the
fundamental frequency.  (i.e. the fundamental, at frequency f0, is the 1st partial; the first
harmonic, at frequency 2f0, is the 2nd partial; etc..)

2.1.2.1 Short-Term Periodicity

Fourier theory requires that a periodic signal be eternally periodic for it to be truly described
by the Fourier Series.  Sound waveforms can change rapidly, but there is sufficient repetition
of waveform shape to indicate short-term periodicity.  This is termed quasi-periodicity.  If the
rate of change of the waveform is slow compared to the fundamental frequency, say by an
order of magnitude, then the signal can be analysed in short-time sections where the
approximation of periodicity is locally good.

In terms of frequency, periodicity is described as ‘stationarity’, because the sinusoidal
components are stationary, with no variation in frequency or amplitude.  For quasi-periodic
signals, the components are not true sine waves.  However they appear locally stationary –
‘quasi-stationary’ – and within this thesis, they are termed locally or instantaneously sinusoidal
for intuitive simplicity.

With the local approximation to stationarity, the harmonic model of the Fourier Series can be
approximated for each short-time section.  Linking the partials between sections then yields
‘partial trajectories’.

                                                  
1 For example, within this dissertation it becomes clear that we have incomplete understanding of what happens
in the first few milliseconds of a percussive note onset.  Are there rapid variations in the resonances that are too
fast to track?  Is the concept of the partial (defined in section 2.1.2 following) not valid at that time?  Maybe the
spectral elements are ‘unfocused partials’ that become focused as steady-state conditions are approached.
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2.1.2.2 Non-Harmonic Overtones

Partials other than the fundamental are often called harmonics.  A more accurate term is
‘overtone’, because not all overtones have strictly harmonic frequencies.  The most commonly
cited example is the piano which has ‘stretched’ partials; the frequency ratio of overtones is
slightly greater than harmonic, giving the impression of a stretched harmonic structure
[Pierce,1992].  However the perception of pitch is not lost, and although the waveform is never
truly harmonic (even locally), there is a loose periodicity.  If the degree of inharmonicity is
small, the sense of pitch remains strong, but as inharmonicity is increased that sense is
weakened.  Similarly, for a small degree of inharmonicity, periodicity is apparent visually in
the waveform, but the pattern weakens as the inharmonicity increases; see Figure 2.2.

In application to a musical sound model, instantaneous sinusoidal components can only be
considered partials of a sound source if their frequencies are roughly harmonic.  This
necessitates that the analysis process extract the features of each partial separately.

2.1.3 Vibrato and Tremolo

Vibrato and tremolo are common devices for introducing expressive modulation of a note.  In
the signal they appear as oscillatory modulation in frequency and amplitude respectively.
Stringed instruments are better adapted to vibrato through variation of the ‘active’ string

(a) Locally harmonic

(b) Less harmonic (stretched partials)

(c) Even less harmonic

Figure 2.2 – Visible periodicity depends on harmonicity of sinusoids
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length, whereas tremolo is easier on brass instruments through breath control.  (It is also
possible for string vibrato to introduce some tremolo at the same rate, although the oscillations
are not necessarily in phase.)  It is interesting to note that perceptually the presence of
oscillation is more dominant than the type of oscillation, and to the untrained ear vibrato and
tremolo are not easily distinguished.

Oscillatory modulations have been shown to be important in sound synthesis, where vibrato
particularly aids in the perceptual ‘fusing’ of partials.  That is, the partials no longer sound like
separate sine tones once vibrato is introduced [Pierce,1989].  It is no coincidence that the phase
and rate of modulation is common to all partials of a note.  Indeed this property has been used
successfully during auditory scene analysis to group partials into streams, where each stream
corresponds to one sound source within a composite sound [Stainsby,1996].

For the purposes of extracting musical features, it is important that the oscillatory modulations
be detected separately from the frequency components of the harmonic structure; for musical
relevance they modulate the partials, but do not form part of the harmonic structure themselves.
This places a tight constraint on the time-scale for spectral analysis: the analysis must be
capable of resolving partials at the bottom of the audio range, say 40-50 Hz, but it must also
track their modulation which could be faster than 10 Hz.  This example is considered further,
in the question of how to choose a time-frequency representation, in section 3.1.

2.1.4 The Amplitude Envelope

In addition to the varying spectral profile, the time domain amplitude envelope also plays an
important role in the perception of timbre.  This is particularly true for the initial transient of a
note, termed the ‘attack’ [Risset & Mathews,1969].  The truth of this can be validated through
two simple experiments:

• Play only the steady-state portions of sounds (without additional perceptual clues such
as vibrato) with a gradual fade in.  The spectral envelope is the only perceptual cue, so it
becomes difficult to identify the source instrument;  it is even possible to confuse whole
families of instruments, such as strings and woodwinds;

• Play just the initial transient of sounds (say, the first 50ms).  This alone is often
sufficient to identify an instrument, especially if the note onset is usually fast.

Amplitude envelopes were first incorporated into synthesisers with the ADSR (Attack-Decay-
Sustain-Release) four-stage profile, for the frequency modulation (FM) synthesisers of the
early 1980’s.  The importance of the attack signature of instruments was recognised in the
Sample-plus-Synthesis (S+S) synthesisers of the late ’80s, which used a sample for the attack
and FM (or other) synthesis for the remainder of the sound.  This development was primarily
because of the difficulties of synthesising the complexities of the attack.

During the initial transient there are many rapid changes, so that it can sound like a noise burst
(e.g. for trumpet [Risset,1991]).  However, the process is not truly random.  In traditional
instruments, the initial transient is the phase during which resonances are building up, but the
steady-state condition of standing waves has yet to be established.  Because the attack is very
short and rapidly changing, it is difficult to study.  As a result it is a difficult property to
incorporate into a sound model.
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2.1.5 Unpitched Sounds

So far the description ‘musical signal’ has implied only sounds with a pitch, but there are
musical instruments that produce unpitched sounds.  These include ‘noisy’ sounds and
rhythmic instruments.  Many percussion instruments provide short transients without pitch, so
they are ideally suited where rhythm is desired without affecting the melody.  More prolonged
unpitched sounds include the vortex noise of the breath (which accompanies many
instruments), sibilants and fricatives (‘s’, ‘sh’, ‘f’, ‘h’) and whispered speech.  All these vocal-
based examples are termed ‘unvoiced speech’, because there is no (pitched) resonance of the
vocal cords.  Natural world examples of unpitched sounds exist in the sound of rain, the ocean
or the rustle of leaves, which are increasingly used for ambiance in music.  Other examples of
unpitched sounds include tape hiss and static, which are not (usually) part of the music but are
nevertheless present in audio recordings.

‘Unpitched’ sounds have no absolute pitch, but they do possess a relative pitch.  One noise
sounds higher in pitch than another, but neither can be identified as having a specific pitch on a
musical scale.  Whereas pitched sounds are composed of discrete narrowband spectral
components – the instantaneous sinusoids – unpitched sounds exist over a range of frequencies,
and can be considered as band-limited noise.  (A noise in a higher frequency band sounds
higher in pitch than a noise from a lower frequency band.)  The essential difference between
pitched and unpitched sounds is that the former is narrowband and the latter is wideband, but
there is no definite cut-off  point;  narrowband noise possesses a weak sense of pitch.

2.1.5.1 Additive and Non-Additive Noise

The above discussion considers sound sources which are exclusively unpitched in contrast to
the previously explored pitched sounds.  However in most cases, there is a combination of
pitched and unpitched elements from a single sound source: the breath noise with the tone of a
flute, the bow noise with the note from a cello, the combination of voiced and unvoiced aspects
of speech and singing.

Noise-like waveforms can be modelled as additive white Gaussian noise (AWGN) which has
been band-limited and shaped (filtered).  In the nonstationary case, chaotic sounds present
short-time noise-like waveforms and can be modelled as dynamically filtered AWGN.
However this assumes that all perceived ‘noisiness’ is additive, where the noisy aspect of the
sound is added to the pitched aspect, which is only true to a degree.

The sound of breathiness from a flute is the addition of the musician’s breath noise to the note
from the flute.  But the note is produced as a result of the breath’s excitation of an air column.
That is, the process by which the pitched aspect of the sound is generated, is itself dependent on
a chaotic signal, and cannot therefore be free of (small-scale) chaotic behaviour.  Similarly, the
drag-slip oscillations of a bow against a string generate the excitation energy that is transmitted
along the string.  So any chaotic variations in the rate or degree of drag must affect the sound
generation mechanisms.  The noisiness of the resultant sound is therefore an intrinsic part of
the variations in the waveform and not some external source added to it.

_____________________________________
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In summary…

The definition of ‘musical signal’ includes both pitched and unpitched, gradually varying and
percussive sounds.  Pitched sounds are considered locally periodic and can be treated as
periodic in the short term.  Spectrally, such sounds have a harmonic structure, where the
partials are instantaneous sinusoids, whose frequencies are at roughly harmonic ratios.  Thus
partials are dynamic and semi-independent, but modulation such as vibrato and tremolo affect
all partials (of one instrument) in the same way.  The attack portion, the initial transient of a
percussive note onset, is chaotic (but not truly random) behaviour, resulting from rapidly
varying resonances before the stability of standing waves is established.  Unpitched sounds
possess a noise-like quality and can be considered as dynamic wideband spectral components.
Most sounds are a combination of pitched and noisy aspects, which can only be considered
additive to a degree.
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2.2 Review of Research into Sound and Instrument
Modelling

The following literature review presents an overview of the various approaches that have been
pursued, within the fields of sound and instrument modelling.  The approaches have been
categorised into three broad classifications: physical modelling, analysis-resynthesis and
granular synthesis.  Within each of these areas, the aim has been to present the current research
activity and the history that has led to the latest innovations.

2.2.1 Physical Modelling

A physical model is a causal model;  it encapsulates the musical instrument – the cause of the
sound – rather than the sound itself.  The term implies that the physics of the instrument is
simulated, however it is increasingly used to denote any synthesis architecture that is specific to
a particular instrument or instrument family, especially if there is parametric control that
appears to correlate with changing some physical property.  In such cases the term ‘physical
modelling’ is somewhat a misnomer – ‘instrument modelling’ might be more appropriate.

An example of a true physical model is the CORDIS system developed at ACROE [Cadoz &
Luciani & Florens,1984].  The initial version of this model was applied to strings and was
intended for real-time use by musicians.  The model consisted of many interconnected ‘cells’,
each cell possessing mass, elasticity and damping properties.  The cells were connected in a
three-dimensional lattice so that vibrations could be modelled in the transverse, longitudinal and
rotational axes, with the minor simplification of no interaction between these modes.  The
excitation mechanism (e.g. hammer, plucking) was modelled much more simply as a time-
conditional displacement or force.

Vibrational simulation occurs as a result of propagation of the forces and displacements of the
individual cells.  In order to model the modes of vibration with sufficient accuracy, it is
necessary to have in the order of a hundred cells per string.  With the spatial equivalent of the
Nyquist criterion, a string which is one hundred cells long would allow simulation up to the
fiftieth partial.  That is, there need to be at least two sample points per standing wave period
along the string.

Such physically accurate models are of theoretical importance because they help us to learn
more about the physical mechanisms of vibration generation and propagation.  However the
requirement to simulate hundreds of cells, each requiring the solution of computationally
burdensome force and displacement equations at each time sample, has hindered the practical
(musical) use of such models.

2.2.1.1 The Wavetable Model

At the same time as the CORDIS system was being developed, Kevin Karplus and Alex Strong
developed a synthesis method that was extremely simple and efficient for instrument modelling
[Karplus & Strong,1983].  This was based on dynamically modifying the contents of a
wavetable in such a way as to simulate the acoustic response of a musical instrument.
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The synthesis method was based on wavetable synthesis, in which a sample is cyclically
output.  Regardless of the contents of the sample waveform (called the ‘wavetable’), a tonal
sound is generated as a result of the repetition.  The contents of the wavetable influence the
relative strengths of the harmonics.  However, the lack of variation in the waveform from one
period to the next makes the sound perceptually dull.

Karplus and Strong set about to find ways of modifying the synthesis that would inject life into
the sounds.  This was predominantly achieved through dynamic modifications to the wavetable
itself – as soon as a sample was read for outputting, that point in the table would be modified,
so that each period of the output sample would be different from the last.  Strong discovered
that by recursively smoothing the waveform, the sound was similar to that of a plucked string.
Further investigations showed that this was due to the way that the harmonics decayed, highest
first, that was similar to the decay of vibrations in a real plucked string.  Karplus extended the
method to drum-like sounds, by partially randomising the wavetable during the synthesis.
Further experiments also yielded modifications that improved control over the rate of decay.

The Karplus-Strong method became a basis for physical modelling, despite having no explicit
reference to the physics of musical instruments and no formal model.  Its popularity was
probably driven by the fact that in addition to evoking the characteristics of musical
instruments, it was simple to implement and required very little processing power.

2.2.1.2 Digital Waveguide Modelling

In their 1983 paper [Karplus & Strong,1983], Karplus and Strong noted that their generic
design could also be described from a digital delay-line standpoint.  The digital delay-line is the
basis of the digital waveguide, which became the next revolution in physical modelling.  This is
probably no accident, since Julius Smith, whose 1992 paper [Smith,1992] placed the digital
waveguide on the map2, had also worked on extensions to the Karplus-Strong algorithm [Jaffe
& Smith,1983].

The difference between the methods lies in its application.  Whereas Karplus and Strong
proposed direct synthesis from the wavetable, Smith incorporated the waveguide as an element
within a more traditional physical model.  The digital waveguide is, in essence, a digital delay
coupled with a filter.  Its role in the physical model is to simulate the lossy propagation of
waves through resonant objects.  (The delay simulates the propagation delay and the filter
simulates frequency-dependent losses.)

The waveguide approach trades the model of many simple components for the model of few
semi-complex ones.  Instead of hundreds of elements to represent the points along a string,
there are two or three3.  Instead of each element responding to the forces of its neighbours
thereby effecting the propagation of a wave, each element encapsulates the wave motion
directly and the results are only known at the points where there is some external interaction.

                                                  
2 This is the most oft-quoted reference for digital waveguide modelling and it provides the mathematical and
physical basis of the technique.  However, some work by Smith and others using digital waveguides predates this
paper [Smith,1987, 1991; Cook,1991].

3 A string could be modelled (for transverse waves) with a single waveguide.  However it is split into sections to
enable placement of excitation points (i.e.  point of bowing, plucking, striking) or other points of interaction.
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In fixing the modelled elements by their interconnections instead of their physical co-ordinates,
it is possible to vary their physical attributes in real time.  This begins with variations in exciter
position (e.g. bowing point), which is essential for realistic performance, to altering the
dimensions and material construction, which is impossible or unfeasible in conventional
instruments but allows for realistic-sounding modifications to the physical modelling
synthesiser.

2.2.1.3 Current Research Activity

1D to 2D to 3D

The model, as put forward by Smith, enabled synthesis of strings (for guitar, piano, violin,
cello, etc.) and air-columns (for oboe, clarinet, trumpet, saxophone, etc.) with a one-
dimensional digital waveguide.  Recently this has been extended to two dimensions for
synthesis of plates and membranes (for drums, gongs and cymbals) [Van Duyne &
Smith,1993].  Further work continues to extend this to three dimensions [Van Duyne &
Smith,1996], where closed spaces can be modelled. (Work is ongoing in this area within the
University of Bristol’s Digital Music Research Group, though there are no publications to
date.)

Introducing Chaos

The waveguide is linear, whereas real resonators only approximate linearity to an extent.  So in
digital waveguide based models there is the need for nonlinear elements, which serve to make
the models’ mathematics better resemble observed instrument behaviour.  Since the waveguide
is implemented as a delay with linear feedback, nonlinearities can be introduced by modifying
the feedback filter.  The problem with introducing nonlinearities into the loop is that stability is
no longer guaranteed.  The intention is that the generated chaos will be small-scale, causing
random perturbations around a point of stability.  Xavier Rodet has provided a method for
introducing noise at frequencies around the partials, by causing controllable instabilities with a
low pass feedback loop [Rodet,1994].  Other recent contributions include [Chafe,1995;
Radunskaya,1996].

New Exciters

The digital waveguide models the resonant structure within an instrument.  The element that
drives the model is the exciter;  through this element it is possible to enable the subtle (or not-
so-subtle) nuances of a real player through expressive controls.  Exciter modelling has
progressed in the last couple of years from modelling the basic action that enables ‘normal’
playing (e.g. lips against trumpet [Rodet & Depalle,1992b; Rodet & Vergez,1996], string on
bow [Smith,1993]) toward more complicated techniques (e.g. slap-tonguing and multiphonics
for woodwind instruments [Scavone,1996], sul ponticello or spiccato for string instruments
[Jaffe & Smith,1995]).

Computational Cost

Despite the added complexity in the structure that has grown around the digital waveguide, a
central focus in the implementation of these models remains computational simplicity.  Often
the new innovations are accompanied by an explanation of how few ‘multiply’ instructions are
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required.  Without a doubt, it is the relatively low processing load of digital waveguide
synthesis (coupled with the real-time controllability) that has made commercial physical
modelling synthesisers a reality – the Yamaha VL1 was launched in January 1994.

2.2.2 Analysis-Resynthesis

‘Analysis-Resynthesis’ describes the systems based on sound modelling without recourse to the
instrument or sound source.  Each use of the system involves the analysis of a source sound,
after which many syntheses are possible.  Analysis is the process of feature extraction, where
the model parameters are estimated from the source material.  Direct resynthesis should
reproduce the source sound, whilst synthesis of modified parameters should yield sound
transformations.

2.2.2.1 The Sinusoidal Model

The original model, and the most enduring one, is the sinusoidal model.  Based on the concept
of the harmonic structure and its mathematical decomposition through the Fourier Series, the
inspiration for the sinusoidal model is to estimate the time-varying frequencies and amplitudes
of the partials.

The earliest methods (pre-1930) attempted steady-state analysis;  it was believed that the
spectral envelope of the partials would hold the key to the musical quality (the timbre) of the
tone [Risset & Mathews,1969].  Besides, the mechanical or electro-mechanical equipment of
the day was incapable of analysing the time-varying spectral content.  Unfortunately, tones
synthesised on this basis sound dull because of the lack of any variation.

In 1969, Jean-Claude Risset and Max Mathews used computers with audio sampling
capabilities, for the first thorough study of the time-varying properties of musical instrument
sounds [Risset & Mathews,1969].  The work focused primarily on trumpet tones, for which a
pitch-synchronous analysis yielded the period-by-period frequencies and amplitudes of the
partials.  Risset and Mathews achieved much in terms of laying the foundations for modern
analysis-resynthesis techniques.  However their work was more computer-assisted than
automatic and the sinusoidal model did not advance much in the next 10-15 years.  The
solution eventually came from the related field of speech modelling.

Robert McAulay and Thomas Quatieri published a paper in 1986 describing a sinusoidal
analysis-resynthesis method for speech coding, with the intention that it could be used for
speech compression [McAulay & Quatieri,1986].  The method went a step further than the
filter-bank energy decomposition methods (commonly known as phase-vocoders), in ascribing a
meaning to spectral peaks.  The analysis was frame-based, using the Short Time Fourier
Transform (STFT – to be described in section 2.3.2.1) for spectral estimation.  Within each
frame, the peaks were detected and their frequency, amplitude and phase determined.  The
frames were then linked together by matching the peaks in one frame with those in the next.  In
this way, the trajectories of the sinusoidal components were tracked.

McAulay and Quatieri’s Sinusoidal model (also known as the MQ method) has been the most
important advance in automatic analysis-resynthesis.  Many current systems are based on this



CHAPTER 2 MUSICAL SIGNALS AND HOW THEY CAN BE MODELLED

©1997 Paul Masri –  23  –
PDF downloaded from http://www.fen.bris.ac.uk/elec/dmr

spectral decomposition (e.g. Lemur [Fitz & Haken & Holloway,1995], implementation on
IRCAM’s sound workstation (ISPW) [Settel & Lippe,1994], Kyma [Haken,1995]).

Possibly the most important extension to the model is the Deterministic Plus Stochastic
decomposition, developed by Xavier Serra [Serra,1989], also known as Spectral Modeling
Synthesis [Serra & Smith,1989].  Although McAulay and Quatieri had observed the potential
for their model as a tool for transformation (particularly for time-stretching and pitch-shifting),
the practical realisation generates much distortion.  The Sinusoidal model is indiscriminate in
its spectral peak-picking, and therefore synthesises both partials and non-partials as though
they were time-varying sinusoids.  Serra introduced a dualistic classification that aimed to
separate these two types.  The former he called ‘deterministic’ and the latter ‘stochastic’.

The deterministic aspect was analysed and synthesised very much like the Sinusoidal model,
with the exception that the peak detection and frame linking processes were more strict about
which peaks could be classified as partial peaks.  All non-deterministic spectral elements were
then assumed to be stochastic – noise-like.  So these were modelled simply, as a spectral
envelope and synthesised by simulating a white noise source filtered by the time-varying
envelope.  The final resynthesised sound was an additive combination of the two aspects.

The primary advantage of this model is its flexibility.  The features have a correspondence to
musical properties of sounds and they can be transformed without introducing distortion.  In
addition, the resynthesis quality is good.  These qualities have made this an oft quoted reference
for current work.

Nevertheless, the Deterministic Plus Stochastic classification does not fully represent musical
sounds.  Some important features are not captured accurately and there is an over-reliance on
user-knowledge to operate the system.  The work presented in this thesis has used the
Deterministic Plus Stochastic model as its starting point, with the aim of improving computer
modelling of sound features and their means of analysis, whilst retaining the flexibility that is
essential for use as a musical tool.  The final part of this chapter, section 2.3, describes the
Initial Model for the studies, and therefore contains descriptions of the innovations introduced
by McAulay & Quatieri and Serra.

2.2.2.2 The Formant Model

An alternative, but closely related modelling technique was also derived from speech modelling
and applied to sound modelling in general.  The vocal and nasal tracts can be considered as
resonators that amplify certain regions of the spectrum.  The resonances produced are termed
‘formants’, because they form peaks in the spectral envelope;  these usually span several
partials.  The shape of the mouth, placement of the tongue, etc. move these formants in a
predictable way, so that the sound of a particular phoneme from a particular person will have
formants in roughly the same location each time it is uttered.

The sound is generated by the expulsion of air, as in whispered speech or unvoiced phonemes
(e.g. ‘s’, ‘f’, ‘h’ – the sibilants, fricatives and aspirants), or periodic vibration of the vocal folds
(also known as the vocal cords) as in the singing voice or voiced phonemes (e.g. ‘a’, ‘e’, ‘l’, ‘n’
– the vowels and semi-vowels).  The spectrum of the noise or tone is filtered by the formants to
generate the sound that is heard.
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This essentially physical model has been used for speech synthesis since the 1970’s, where it is
known as linear predictive coding [Makhoul,1975].  The spectral envelope is estimated by
autoregression (AR) modelling and the pitch period is estimated for voiced sounds.  At
synthesis, the envelope is implemented as a filter and it is excited by white noise (to simulate
unvoiced phonemes) or a pulsed source whose repetition rate is the desired pitch (to simulate
voiced phonemes).

An implementation of the voiced aspect of this model was realised for the singing voice by
Xavier Rodet, Yves Potard and Jean-Baptiste Barrière at IRCAM and entitled CHANT [Rodet
& Potard & Barrière,1984].  This includes a modified synthesis method, termed FOF (Forme
d’Onde Formantique) which translates as Formant Wave Functions.  In FOF synthesis, each
pitch period impulse is individually filtered by the spectral envelope at that period.  The
responses are time-aligned and summed to generate the full sound.  Furthermore, the filter for
each formant is implemented separately and phase-aligned to avoid interference (that can be
generated by other methods).  Note that although only a pulsed source is used, when the
interval between pulses is irregular, aperiodic sounds are generated;  therefore the method is
not restricted to pitched harmonic sounds.

The method is considered here as an analysis-resynthesis technique because it was proposed by
the authors as a means for synthesis of sound in general.  There is a parallel between the
formant resonances of the vocal tracts and the soundboards of many instruments (e.g. piano,
guitar, violin), whose function is to amplify and radiate the sound, but which inevitably impose
their own resonance.  CHANT and FOF synthesis remain popular and a source of inspiration
to new techniques (e.g. synthesis from spectral surfaces [Bargar & Holloway et al.,1995], a
granular technique [Clarke,1996]).

2.2.2.3 Other Techniques

A number of alternative techniques have also been tried for their ability to extract features from
the sound waveform.  Some recent examples include novel approaches like neural networks
[Ohya,1995] and nonlinear chaos functions [Mackenzie,1995].  At present these techniques are
at a stage comparable to the Sinusoidal model, in which direct resynthesis is good, but
transformation is difficult.  This suggests that the features are well-captured, but that they do
not have good correspondence with musical properties.

Parameter-Fitting Methods

A further category of analysis-resynthesis technique uses an existing synthesis method, for
which it estimates its parameters from a source sound.  This differs from techniques such as the
Sinusoidal model, since the model is fixed and the data extraction method is adapted, instead of
adapting the model (and synthesis method) to better represent the data.  As a result, the
synthesis parameters do not naturally reflect musical properties and additional interfaces are
required, if the translation is to be made.

Frequency Modulation (FM) synthesis is perhaps the most popular commercial synthesis
method.  It was developed in 1973 by John Chowning [Chowning,1973] as a means for
generating rich spectra without the computational expense of additive synthesis.  The biggest
drawback with FM is the difficulty of programming: the parameters of modulation index and
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carrier frequency bear no direct relevance to the timbre (see Figure 3.2a on page 56 and
surrounding discussion).  Therefore it has been difficult to find parameters that will yield more
than a mimicry of real instrument sounds.  Andrew Horner has recently applied genetic
algorithms to the problem, to find the best match between FM parameters and a source
harmonic sound [Horner,1996].

Another method in the same vein, also developed by Horner’s team uses genetic algorithms to
find a minimal set of sample wavetables that can describe an evolving sound, through
variations in their absolute and relative weights.  Recent results show good correspondence for
sounds represented by just three wavetables [Chan & Yuen & Horner,1996].  The only
drawback with these methods at present (for reproduction) is the limitation to purely harmonic
sounds.  They give a subjective quality that is similar to the synthesis of the deterministic
aspect only, from the Deterministic Plus Stochastic model; i.e. lacking in roughness.

2.2.3 Granular Synthesis

Like many of the analysis-resynthesis techniques described above, granular synthesis is a form
of additive synthesis, in which the sound elements, called ‘sonic grains’, are superposed to
generate the composite sound.  However unlike the analysis-resynthesis techniques, which are
based on a continuous representation of sound using long-duration evolving trajectories, each
sonic grain of granular synthesis is of fixed spectrum and short duration (typically 1-50ms).
(An introduction to granular synthesis can be found in [Roads,1988].  More recent references
can be found in the Computer Music Journal and the proceedings of the annual International
Computer Music Conference.)

The origin of granular synthesis is the concept of ‘acoustical quanta’, put forward by Dennis
Gabor in 1947 [Gabor,1947] as the basis of a theory of hearing.  In granular synthesis, the
detail of the spectrum is built up by the co-synthesis of multiple grains, and the evolution of the
spectrum is defined by the waveform content of the sequenced grains.  Each grain is a wavelet,
which consists of a waveform with a tapered envelope.  The simplest waveform is the
sinewave, although complex waveforms (such as generated using FM or waveshaping synthesis
[Dodge & Jerse,1985] or taken directly from a sampled sound [Truax,1994]) can also be used.

Depending on the type of waveform used and the method of control of the grains, granular
synthesis can be used for analysis-resynthesis, traditional generative synthesis (where sound is
generated from a specific architecture, like FM) or sound transformation (directly from the
samples).  Therefore ‘Granular Synthesis’ has come to be a catch-all phrase for sounds
synthesised using additive synthesis of wavelets.  For example, FOF synthesis (section 2.2.2.2
above) is sometimes referred to as a granular synthesis technique.

2.2.3.1 Wavelet Analysis-Resynthesis

The grain defined as a sinewave with a quasi-Gaussian envelope is termed a ‘Gabor wavelet’.
It can be considered the elemental grain, since it defines the smallest location on the time-
frequency map and other grains can be considered as the superposition of multiple Gabor
wavelets.  Because of its simplicity, it requires many grains to build up a rich sound, hence the
development of the more complex grains mentioned above.  However its simplicity also means
it can be used to represent an arbitrary waveform, the purpose of analysis-resynthesis.
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Using the Gabor wavelet as an ‘analysing wavelet’, the evolving spectrum of a sound can be
investigated.  This is in essence what is done by the FFT of a windowed sample (to be
explained in section 2.3.2.1) if the grain size remains constant as the frequency is changed, or
by the Wavelet Transform (WT) if the grain size is inversely proportional to frequency.
Analysis using the wavelet transform and synthesis by granular synthesis enables perfect
reproduction of source sounds and has been used for sound transformation [Kronland-
Martinet,1988].  Indeed, wavelet analysis-resynthesis is a rival approach to the sound
decomposition and modelling approaches of this thesis.  (The primary reasons for using the
work of section 2.2.2.1 as the basis for this thesis work and not the wavelet transform are the
resolution issues of the wavelet transform {discussed in section 3.2.2}, and the fact that
analysed wavelets have no direct correlation to musical properties {see the beginning of section
2.1, above}.)

Matching Pursuit

A variant on wavelet-based analysis is the Matching Pursuit method [Mallat & Zhang,1993].
Instead of restricting the grain duration to a fixed law (i.e. FFT) or a constant-Q law (i.e. WT),
the grain duration is free to vary such that a best-fit match may be obtained.  A dictionary of
wavelets specifies the range of possible wavelets.  So far only sinusoidal waveforms with
Gaussian envelopes have been explored.  In the time-frequency space, the method matches the
grain from the dictionary with the signal that minimises the residual energy (defined as the
energy of the signal after subtracting the grain).  The method repeats iteratively until the
residual energy is below an acceptable threshold.  The advantage of this method is that short
grains can be used where there are rapid changes and long grains where there is quasi-
stationarity, regardless of frequency.

A recent development, termed High Resolution Matching Pursuit, trades in some of the
frequency resolution for an improved response at note onset boundaries [Gribonval & Depalle
et al.,1996].  The authors observed that the Matching Pursuit method could introduce energy to
the time-frequency space where there was none originally, if there is an overall reduction in
residual energy.  This is most prominent upon synthesis at note onsets where a pre-echo effect
is generated.  The refinement disallows energy creation, thereby forcing an alternative grain
choice that does not minimise the energy as much, but does not generate energy either.

2.2.3.2 Sampling Granular Synthesis

Sampling granular synthesis, in which the grain waveform is a segment from a sampled sound,
is not a modelling technique, but it has been used to good effect for sound reproduction and
transformation [Truax,1994] – the aims of sound modelling.  In this method, as the synthesis
advances in time, so its grain waveform advances through the source waveform also.  The most
popular uses for granular synthesis within electro-acoustic music have been time-scaling,
evaporation and coalescence.  In time-scaling, the rate of advancement through the source
differs from that of the synthesis; in evaporation, the grain density reduces so that the sound
appears to disintegrate; coalescence is the opposite of evaporation.

Since the sample contains all information about the source sound at a particular time, it is
possible to synthesise one grain at a time.  However, under transformation problems arise with
phase misalignment of periodic wave sections.  The solution has been found by synthesising
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many versions of the same grain distributed randomly around each time location.  Effectively
the individual misalignments are blurred by the artificial reverberation.  For rich sounds
(especially those of many sources) or noisy sounds, the reverberant effects are masked by the
volume of detail or the stochastic nature of the sound.  For simple, pitched sounds, including
voiced speech, the results are less faithful, but they have been used to good effect in a musical
context [Truax,1990].
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2.3 The Initial Model

Throughout this thesis, references are made to the ‘Initial Model’, described in this section.
Modifications are made in the following three chapters with respect to the Initial Model and
their impact is assessed in comparison with the performance of the Initial Model.  The basis of
the Initial Model is the Deterministic Plus Stochastic model, which is itself a variant on the
Sinusoidal model (see section 2.2.2.1 above).

The following is a detailed description of the analysis-resynthesis system used to implement the
Initial Model.  The first step is a system overview that presents the overall signal flow and
establishes the purpose of each element within the system.  The description then descends to the
elemental level in which every ‘block’ in the system is examined in some detail.  The
descriptions include not only what is done (the function of the block) but also why it is done
(the purpose) and why it is done in this particular way.  Finally we return to the model as a
whole, for a more informed discussion of the system capabilities.

The Initial Model is based on, but is not exactly the same as, the Deterministic Plus Stochastic
model.  Each section contains a description of Serra’s implementation and a critique
highlighting its strengths and weaknesses.  Where the weaknesses are localised and the solution
is simple, changes are incorporated into the Initial Model.  These are described with
justifications.  (The Initial Model also simplifies some aspects where major effort is to be
concentrated in later chapters, so that the comparisons are easier to make.  This is particularly
the case where the Deterministic Plus Stochastic analysis-resynthesis system uses a complex
set of rules whose effectiveness is difficult to assess or is signal dependent.)

The critiques serve an important role, in identifying current areas of weakness in sound
modelling.  Each of the three following chapters targets one of the problem areas, in which the
problem is discussed, a solution identified and an algorithm designed, to prove the solution
through implementation.  (The innovations of chapters three to five are similarly critiqued in
chapter six, so that areas of future work can also be proposed.)

The Initial Model description has been written with two aims in mind:

• to acquaint the unfamiliar reader with the model and the terminology that pervades it;

• to describe the modifications made in translation from Serra’s Deterministic Plus
Stochastic Model to the Initial Model of this thesis, since the Initial Model will be used
as a benchmark for later chapters.

2.3.1 Model Overview

Figure 2.3 presents a familiar display of the overall model.  The model makes the assumption
that sounds are composed of a deterministic aspect plus a stochastic aspect, which combine
additively.  The deterministic aspect includes instantaneous sinusoids, whilst the stochastic
includes band-limited, shaped additive white Gaussian noise (AWGN).  The source sound is
first presented to the deterministic analysis, which aims to extract the trajectories of all
sinusoidal components, whilst rejecting wideband noise and localised narrowband noise.  This
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aspect is resynthesised without transformation and subtracted from the original sound.  The
residual is assumed to contain only stochastic data.  The stochastic analysis models the residual
with a time-varying spectral envelope.

Synthesis of the deterministic aspect is through additive synthesis (i.e. superposition) of
multiple sinusoidal oscillators, whose parameters are the analysed trajectories.  The stochastic
aspect is synthesised by filtering AWGN with the dynamic spectral envelope.  Finally, both
aspects are combined additively – ‘mixed’ – to render the synthesised sound.

If any transformations are desired, the appropriate modifications are made prior to synthesis.
In some cases, they can be implemented within the synthesis engine, through additional control
parameters.

2.3.2 Deterministic Analysis

The aim of the deterministic analysis is to detect and extract the components of the source
signal that are largely predictable.  From the preceding discussion of section 2.1, these are seen
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Figure 2.3 – Overview of the complete analysis-resynthesis system
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to be the trajectories of the partials.  Over the short term, each partial is approximately
sinusoidal, so its instantaneous spectrum is a narrow spike located at the frequency of the
sinusoid and scaled to its amplitude.  Displayed on an idealised joint time-frequency graph,
each one appears as a narrow ridge that runs in the time direction with variations in frequency
and amplitude.  The aim of the deterministic analysis is to extract the frequency and amplitude
information for each ridge and compile them into a trajectory database.

The analysis process described below is organised on a frame-by-frame basis, in which each
time frame is analysed independently, and then the results are compiled and linked to generate
the continuous trajectories.  Within a single (near-instantaneous) time frame, the partials are
accompanied by less stable spectral components, which can also appear as narrow peaks in the
spectrum.  These can result from noise, momentary localised energy or representation artifacts
(e.g. side-lobes).

In the Sinusoidal model, all components are extracted and synthesised.  In this situation, the
unstable and spurious components interact with one another additively.  Often two or more
spectral components will beat, causing modulation in the synthesised signal.  For an
untransformed resynthesis, the results can actually be better than the deterministic synthesis of
partials alone, because the interactions recreate the subtler variations in frequency, amplitude
and bandwidth of components.  However upon transformation, where the phase relationship is
disturbed (e.g. time-stretch), the beating effects become destructive and the synthesis can
include significant audible distortion.  Hence the Sinusoidal model does not possess the desired
flexibility in its representation.

The deterministic analysis aims to exclude the non-partial components, sacrificing some extra
sonic detail for a consistent quality of synthesis.  This approach is more useful in a musical

(a) STFT and partial extraction (shown for one frame)
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Figure 2.4 – Deterministic analysis
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model of sound because the partials are not merely audio components, but musical features.

The process and its results are summarised graphically in Figure 2.4.

2.3.2.1 Time-Frequency Analysis – the STFT

The Short-Time Fourier Transform (STFT) is a spectral estimator that generates a time-
frequency representation of a signal on a frame-by-frame basis.  Each frame is calculated using
the Fast Fourier Transform (FFT).  See an example sonogram generated using the STFT in
Figure 2.5.

Construction of the FFT

(Readers versed in the theory of the FFT can skip these paragraphs.)

The FFT is the algorithmic form of the Discrete Fourier Transform (DFT); the DFT is created
from the FT as follows (see Figure 2.4).  Firstly, for analysis on a digital system, the signal
must be sampled.  Sampling at regular intervals is mathematically equivalent to multiplying the
time domain signal by a comb function – a series of equally spaced delta functions.  In the
frequency domain, this equates to repeating the signal spectrum every Fs, where Fs is the
sampling rate.  To avoid aliasing, the Nyquist theorem requires that the signal be low-pass

filtered to exclude all frequencies above Fs
2 .

The FT expects the signal to exist for all time, but a finite section of the signal is required for
analysis.  This is mathematically explained as multiplying the time domain signal by a
rectangular ‘window function’, that isolates a small portion of the signal.  In the frequency
domain, the signal spectrum is convolved with the window function spectrum.  For a truly
periodic signal, the delta function ‘spikes’ in the frequency domain at the harmonic frequencies
are each replaced with a copy of the window function spectrum, scaled according to the
harmonic’s amplitude.  (The sinc pulse shape of the rectangular window’s spectrum is
composed of a main-lobe with a finite width and multiple side-lobes.)
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Figure 2.5 – Sonogram of a cello note with one FFT highlighted
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Implicit in the process of windowing is the assumption that the signal outside the window is an
infinite series of repetitions of the signal within the window (so as to satisfy the FT assumption
of a stationary spectrum – each component existing unchanged for all time).  Just as sampling
the time domain was equivalent to periodic repetition of the spectrum in the frequency domain,
so this implicit periodic repetition of the time domain window is equivalent to sampling the
frequency domain, where the frequency samples, the ‘bins’, are spaced at 1

Tw , where Tw is the

duration of the window.  This is termed the Discrete Fourier Transform.

When the signal under analysis is (locally) periodic with a period that is an exact fraction of the
window duration, the main-lobe (the central peak of the window function spectrum) of each
harmonic lies directly on an FFT bin, and the zero crossings in-between the side-lobes line up
with the surrounding bins.  Therefore all the energy of each harmonic is localised at its
associated bin.  When a component lies at some other frequency, different parts of the window
function spectral curve appear on different bins, giving the impression that the component is
spread over a wide frequency range (or that there are multiple harmonic components).  This is
termed spectral leakage.  (An alternative explanation is that there is a phase discontinuity at the
window boundaries in the time domain and this is ‘explained’ in the frequency domain with
additional components.)

For readers who require a more thorough introduction to the FFT, almost any text book
introducing the subject area of signal processing and the frequency domain will suffice.
Nevertheless I have included some references: basic theory [Meade & Dillon,1986], in depth
[Burrus & Parks,1985].

Window Function Selection

To minimise spectral leakage, an alternative window function can be chosen whose main-lobe
width and side-lobe suppression are most appropriate for the application.  Serra used the
Kaiser window which has a parameter for trading off these two properties, but this implies that
the parameter must be selected for each sound that is to be analysed.  For simplicity, in the
Initial Model (and in fact throughout this dissertation) the Hamming window has been used,
which is somewhat a standard for signal processing applications.  A comprehensive
comparison of the most popular windows is presented by Harris in [Harris,1978] (and Nuttall
provides a correction to Harris’s paper in [Nuttall,1981]).

Time-Frequency Resolution

As a consequence of applying the time domain window function, the FT is able to represent a
near-instantaneous spectrum.  However, as the time resolution improves from infinite duration
to the desired window length, so the frequency resolution falls from the continuous spectrum of
the FT to the finite discrete frequency resolution of the windowed DFT.  (This results from the
frequency sampling effect described above.)

There is a trade-off between temporal resolution and spectral resolution.  The shorter the time
domain analysis window, the better the time resolution, but the worse the frequency resolution
and vice versa.  In the current application the greatest importance lies in distinguishing partials,
so frequency resolution is favoured.  This inevitably leads to some distortion as the assumption
of true localised periodicity is violated and the approximation to a stationary spectrum becomes
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poorer within each window.  For the less dynamic portions of a sound signal (and for the lower
partials), this is nevertheless adequate.

Gaining Resolution by Zero Padding

The resolution chosen by this criterion is still far inferior to the frequency resolution of the ear,
so zero padding is applied.  By padding the time frame with zeros, the length of the FFT array
is larger.  Hence the FFT frequency resolution is improved.  However, no extra data has been
analysed, so the true resolution cannot be better;  this process gives better apparent resolution
through frequency interpolation of the unpadded signal’s spectrum.  This is sufficient to elicit
the curve of the main-lobes to facilitate accurate frequency location of partials.

Parameter Choices for the STFT

Excluding the Kaiser window function parameter, there are three parameters that influence the
representation of data by the STFT: window-length, hop-distance and zeropad-length.  The
necessity for a suitably long window-length has already been discussed.

The hop-distance is the time offset of the window between frames.  The temporal resolution is
defined by the window-length, so the choice of a small hop-distance would not provide greater
resolution of dynamics – the dynamics are effectively smoothed by the averaging process
inherent in analysing a finite length window.  However it is important that the hop-distance be
small enough that the peak linking process (section 2.3.2.5 below) can detect continuity of the
time-frequency ridges.  A commonly used value is a quarter of the window-length.

The frequency resolution desired from zero padding is discussed further in section 2.3.2.3
below), where it is used in combination with a less computationally intensive method of
spectral interpolation.

2.3.2.2 Critique and Modification – Time-Frequency Representation

The Short-Time Fourier Transform is built upon the standard for spectral analysis – the FFT
algorithm – and it has of itself become a standard for representing the joint time-frequency
domain.  Therefore its use within both deterministic and stochastic analyses is easily justified.
However it is not the only means for time-frequency representation; nor is it necessarily the
best method for sound analysis.  In the transition from the idealised Fourier transform to its
application as the STFT for real, nonstationary signals, the modifications have generated
various side-effects.  It is limited in its time-frequency resolution, such that rapid changes in a
sound signal cause large scale distortion of the representation, and polyphonic signals that are
close in pitch simply cannot be analysed because there is insufficient resolution to detect the
presence of such closely spaced frequency components.  Also, the window function has a finite
spread in time and frequency, so that the outcome is a smoothed representation in both time and
frequency axes.

Chapter three discusses the possibility of moving to an alternative time-frequency
representation and considers what factors need to be examined in making such a choice.  Key
to this discussion is the need to be well-informed of the assumptions that are being made and
how the signal is being conditioned.  The discussion continues with a presentation of the
techniques currently available and presents a novel method for eliciting ‘hidden’ information
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from the FFT, by rejecting the assumption of stationarity and applying foreknowledge about
the type of signals being analysed.

Since time-frequency representation is being examined in some detail in chapter three, the
Initial Model retains the STFT as the benchmark method.  This is in part because the following
sections of Serra’s Deterministic Plus Stochastic model assume the use of the STFT.

2.3.2.3 Peak Detection and Accurate Location

Having determined that instantaneous sinusoids are represented as peaks in the FFT spectrum,
a simple peak detection algorithm is employed which notes a ‘hit’ whenever the following
situation is true:

( ) ( )X k X kr r≥ −1   and  ( ) ( )X k X kr r≥ +1 (2.1)

where Xr(k) is the kth bin of the FFT spectrum for frame r.

As mentioned above, the device of zero padding can be used to gain extra spectral resolution.
If the signal were padded sufficiently to enable accurate location of a peak’s maximum with the
peak detection equation (2.1), then the resulting FFT array would be in excess of one million
points.  Such an FFT calculation is computationally prohibitive (even for a workable non real-
time system).

Serra’s solution was to use an alternative form of spectral interpolation.  He found that
quadratic interpolation – fitting a parabola to the maximal bin and its neighbours (using a dB
scale for amplitude) – gave a good approximation to the actual curve.  For good resolution at a
reasonable computational cost, the methods were combined: zero padding with a factor of
between 4 and 8 followed by quadratic interpolation.

Peak Validation

The above discussions have recognised the presence of spurious peaks due to noise and spectral
leakage, so it is necessary to have a decision process that can distinguish ‘good’ peaks from
‘bad’ peaks.  Within this model there are two stages at which bad peaks can be weeded out: at
the peak detection stage, within the reference of an FFT frame (using frequency information
alone), and at the frame linking stage, referencing between frames (i.e. using time information
also).  If some of the task is performed at the peak detection stage, there is reduced ambiguity
for the frame linking stage.

Within the peak detection stage, Serra employs a simple threshold to remove peaks that are
considered insignificant.  The threshold is based on the relative amplitude of a peak which is
calculated as:

( ) ( ) ( ) ( )
h k X k

X k X k
p p

dB

v dB v dB= −
++ −

2
(2.2)

where h() is the measure of relative height of a peak,
X() is the FFT array,
k is bin index,
subscript p represent the peak (local maximum),
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subscripts v+, v- represent the adjacent valleys (local minima) either side of the peak,

dB
  means magnitude measured in dB.

Two thresholds are applied to the relative peak height: a global threshold and a local one.  The
global threshold is a fixed value, while the local threshold varies according to the data in each
frame.  The local threshold is defined as a fixed offset below the maximal peak in that frame.
Any peak whose relative height exceeds either or both of the thresholds is validated.  Normally
the global threshold is lower and is effectively the active threshold.  However, if the overall
frame energy is low, the local threshold drops below the global threshold and ensures that the
quiet partials are validated.  Serra justifies this: “Thus, in a quiet passage softer peaks are
detected, mimicking the auditory system.”

In addition, a pre-emphasis function is applied to the source sound, which could be
implemented as a time domain filter on the source sample, or as a window function in the
frequency domain.  The function is based on a perceptual ‘equal loudness curve’, so as to boost
the amplitudes of partials for peak detection, within the most sensitive auditory range.

2.3.2.4 Critique and Modification – Peak Detection and In-Frame Validation

The peak detection method is simple, resulting from the fact that sinusoids are simply
represented in the FFT spectrum as peaks.  One correction is made to the detection inequalities
for the Initial Model:

( ) ( )X k X kr r> −1   and  ( ) ( )X k X kr r≥ +1 (2.3)

where Xr(k) is the kth bin of the FFT spectrum for frame r.

The only change from equation 2.1 is the ‘>’ which replaces a ‘≥’.  This avoids a ‘double hit’

in the (rare) occurrence of two maximal bins having the same amplitude.

Peak Validation

One of the most challenging problems in the analysis process is identifying which spectral
peaks are ‘valid’.  At the simplest level, this amounts to selecting peaks that arise from ‘main-
lobes’ and rejecting those from ‘side-lobes’.  Within the Deterministic model, it is also
necessary to reject peaks which result from localised noise, either being a maximum in a
wideband noise spectrum or a momentary, random energy localisation.  These latter peaks are
valid spectral components, but they do not satisfy the criteria for being deterministic, so it is
desirable to class them as ‘bad’ peaks.

Serra intentionally and justifiably defers the more complex distinction between partial peaks
and noise-related peaks to the peak linking stage, where peak validation has a reference in time
as well as frequency.  His strategy for peak selection within each frame is minimal: a simple
amplitude threshold aimed at retaining the more prominent main-lobe peaks and rejecting the
less prominent side-lobe peaks.

The reasoning given for not using an absolute amplitude threshold is that “not all peaks of the
same height are equally relevant perceptually”.  This would be a reasonable argument for using
the pre-emphasis function based on sensitivity of the human ear, but not for rejecting an
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absolute threshold.  Indeed the perceptual phenomenon of masking would appear to favour a
fixed absolute threshold (for a simple implementation), or an adaptive threshold that acts
locally in time and frequency about the largest peaks (for greater accuracy) [Zwicker &
Zwicker,1991].

The choice of a relative measure of peak height is also perplexing, because this reduces the
importance of partials that are within additive (or other) noise.  However, no justification was
provided for the chosen measure of relative amplitude.

The flaw in this choice is further emphasised in the employment of the ‘equal loudness’ pre-
emphasis function4.  If peaks were selected on an absolute amplitude basis, this function would
give preference to frequencies around 4kHz, to which the human ear is most sensitive.
However the peak height is calculated as a measure of relative height and so the pre-emphasis
function has little or no impact.

The application of a peak height threshold goes some way to rejecting side-lobe peaks, because
side-lobes are much less prominent than main-lobe peaks, but any strategy that is based on a
threshold alone is bound to reject quiet, valid peaks also.  For a direct reproduction system, it
could be argued that valid peaks which fall below the threshold are perceptually insignificant,
but for a system whose aim is transformation, it is important to retain as accurate a
representation as possible.  For example, a transformation might boost initially quiet partials; if
these have already been rejected, there is nothing to boost.

For the Initial Model, the relative amplitude threshold is replaced with an absolute one and the
pre-emphasis function is removed.  Also the threshold is very low (-80dB for 16-bit normalised
samples).  This removes only the magnitude ripples along the noise floor, which result from the
quietest side-lobes and quantisation errors, and that could otherwise be detected as peaks. The
intention is to enable detection of every spectral component above the noise floor.  This will
inevitably also accept some side-lobe peaks and noise-related peaks, but the aim is to filter
these out with the subsequent peak validation strategies.  One such strategy appears as a by-
product of the investigation in chapter three, and another as part of the process developed in
chapter four.

2.3.2.5 Frame Linking to Generate Partial Trajectories

The final stage of the deterministic analysis is the generation of partial trajectories, achieved by
linking the detected peaks between frames (see Figure 2.4b).  This linking process is significant
conceptually, because it recognises the importance of the continuation of spectral elements.  In
this way, it is a departure from a general audio model, to a more specific musical sound model
– audio features are not only detected, but a priori expectations about pitched sounds are
imposed.  This significance is implicitly recognised in Serra’s thesis: as the model matures
from the ‘sinusoidal’ (which captures all spectral components) to the ‘deterministic’ (which is
specific to stable partials), there is increased importance in the validation process of good and
bad peaks.

                                                  
4 Note that the equation Serra provides does not match the curve presented (see [Serra,1989,pp.41-42]).
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Serra’s method of peak linking is based on frequency alone, the algorithm favouring a link
between peaks of consecutive frames that are close in frequency.  There is a parameter for the
maximum frequency deviation between frames, which is proportional to the frequency of the
peak (in the earlier of the two frames).  This mimics the logarithmic frequency sensitivity of the
ear and is accurate to the variations of partials within pitched sounds5.

On a frame-by-frame basis, each peak attempts to link to the closest peak (by frequency) in the
next frame.  Where there is a conflict – multiple peaks attempting to link to the same peak of
the next frame – the link requiring the smallest frequency change is favoured and the other
peaks must reselect.  This method is termed the ‘nearest frequency method’ throughout this
dissertation.

Partial trajectories are formed by a ‘birth’ at a peak that has not been linked to from the
previous frame; they continue following the links from that peak to the one in the next frame
and so on until a peak is reached that has no link to the following frame, upon which the
trajectory is ‘killed’.  The concept of trajectory births and deaths was first introduced by
McAulay and Quatieri [McAulay & Quatieri,1986], but Serra introduced further heuristic
rules and conditions in the shift from Sinusoidal model to Deterministic model.

These include limiting the number of concurrent trajectories, placing a lower threshold on the
length of a trajectory – short trajectories are considered unstable and rejected – and placing a
limit on the closeness of a new trajectory to the existing ones.  In addition, the concept of the
‘guide’ was introduced, a virtual trajectory that only becomes real after all the validations.
This concept facilitated the tracking of ‘sleeping partials’, so that partial trajectories could dip
below the peak amplitude threshold for a few frames without being rejected for being too short.

2.3.2.6 Critique and Modification – Frame Linking

The described frame linking method can be viewed as a two-stage process.  The first stage is
the nearest frequency linking strategy which actually achieves the links; the second stage is the
set of heuristic rules that constrain the formation and acceptance of partial trajectories.

The nearest frequency method of peak linking is based on the assumption that changes between
FFT frames are small.  This is usually only true for the lower partials of steady-state sounds.
The higher partials are always more dynamic (in order to preserve the harmonic frequency
ratios) and therefore harder to track.  Also, rapid changes in frequency represent a significant
violation of the FFT stationarity assumption, causing distortion to the peaks.  This causes the
frame linker to make errors, so it is not unusual upon synthesis for sounds to appear to have
been low-pass filtered, as the short unstable trajectories of the higher partials are rejected.

In the transition from a Sinusoidal model to the Deterministic one, the second ‘control’ stage
was added.  Of its rules, the lower limit on trajectory lengths is probably the only one that can
be intuitively justified (on the basis that partials are stable, continuous sinusoids).
Unfortunately, no reasoning was provided for the other rules, which appear somewhat arbitrary
and situation dependent, thereby making it difficult to assess.  Serra himself acknowledged that

                                                  
5 Higher partials must change more rapidly in order to remain (roughly) harmonic.
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“the peak continuation algorithm is the part of this dissertation that is most open for further
work.”

Chapter four examines the flaws of the nearest frequency scheme and proposes, as its
replacement, a method based on the harmonic structure.  The reasoning for this is justified on
three counts: ability to cope with imperfections in the STFT, the trajectories of the higher
partials, and the concept that partials belong to a harmonic structure.  An implementation of a
harmonic linking method is described, to validate the premise.

In the Initial Model, the nearest frequency linking method is retained, for the purpose of
benchmark testing.  However the second control stage is abandoned.

2.3.2.7 The Importance of Phase

There is still debate as to whether we are ‘phase deaf’; i.e. whether the relative phase between
sinusoidal components is perceptually significant.  For many sounds, the phase relationship
between partials appears to be inconsequential, to the extent that waveforms which, visually,
are markedly different, nevertheless sound identical.  Contemporary wisdom favours the
concept of ‘critical bands’, within which the relative phase of components is important.  If two
sinusoids lie within a critical band, which is defined as approximately one third of an octave
wide, their relative phase is significant; if not, then it isn’t.  There is the complicating factor
that phase is important in timing and hence rhythm.  The relative phase of a number of
components can combine to place a time domain spike at a particular location, which would
otherwise be displaced or not occur to the same degree.

Serra takes the approach that phase is not important.  For analysis of single source sounds, this
is justifiable, since the lower (and usually most significant) partials are widely spaced, not
falling within a critical band until the fifth partial6.  In the Deterministic model, frequency and
magnitude alone are extracted from the STFT peaks, which facilitates simpler computation, but
it has an impact on the calculation of the residual as discussed in section 2.3.4 below.

2.3.3 Deterministic Synthesis

2.3.3.1 Additive Synthesis with Linear Interpolation

In the deterministic synthesis, all components are dynamic sinusoids, instantaneously
approximating to elements within the Fourier Series.  Therefore synthesis is a process of
superposition of the waveforms of each sinusoid, known as Additive Synthesis (see Figure 2.6
overleaf).  The simplest implementation (conceptually) is to generate a virtual sinusoidal
oscillator for each partial and to sum their outputs at each sample.

                                                  
6 The majority of energy is in the first five to eight partials for many sounds.  Phase errors in the lower partials
do not matter because none are within the same critical band, whilst phase errors in the higher partials are less
likely to have a significant perceptual impact because of their small relative energy.
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Since the status of each partial is known only at the frame boundaries (corresponding to the
centre sample of each FFT frame in the analysis), the oscillator properties can only be updated
at these points.  In order to facilitate a smoothly evolving output, however, it is necessary to
ensure that there are no discontinuities in the frequency, amplitude or phase trajectories.  The
simplest solution is to linearly interpolate the frequency and amplitude between frames.

In the Sinusoidal model, phase is important, so at each frame update point, each oscillator’s
phase must arrive at the desired value.  This requires that phase compensation be introduced to
predict drift errors and compensate for them, or to make the frequency trajectory more complex
(e.g. cubic interpolation).  The Deterministic model greatly simplifies this, since the relative
phase of the oscillators is unimportant.  Instead as each partial is ‘born’, its oscillator phase
can be initialised to some arbitrary value.  Thereafter only the frequency and amplitude are
updated and the only constraint on phase is that it must be continuous.

Figure 2.7 (overleaf) graphically summarises the process for initialising and updating an
oscillator, and below that is a pseudo-code implementation (not optimised) suitable for a digital
signal processor.  Each oscillator has five variables: absolute frequency, amplitude and phase
and incremental frequency and amplitude.  The absolute values describe the instantaneous state
of the oscillator at all times, while the incremental values regulate the frequency and amplitude
interpolation between frames.  It is necessary to initialise all values at a partial birth (when the
new oscillator element is ‘created’);  thereafter only the incremental values need updating at the
frame boundaries.  The incremental values represent the rate of change of frequency/amplitude
per sample, so that the absolute frequency/amplitude linearly interpolate to the correct values
of the next frame, over the duration of one frame.

Σ

x1(t)=a1(t) cos[2πf1(t)t+p1]

x2(t)=a2(t) cos[2πf2(t)t+p2]

xM(t)=aM(t) cos[2πfM(t)t+pM]
x(t) = Σ {am(t) cos[2πfm(t)t+pm]}

m=1

M

Figure 2.6 – Additive synthesis
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For each frame {
Initialise φi, Fi, Ai, δFi, δAi for each oscillator
For each sample in frame {

Initialise xsum = 0
For each oscillator {

xsum = xsum + cos[φi] * Ai

φi = < φi + Fi >L

Fi = Fi + δFi

Ai = Ai + δAi

} [Next oscillator]
Output xsum

} [Next sample]
} [Next frame]

where φi is the instantaneous phase index
Fi is the instantaneous frequency index (the phase-increment)
Ai is the instantaneous amplitude scalar
δFi is the frequency increment (to achieve linear interpolation)
δAi is the amplitude increment (to achieve linear interpolation)
xsum is the instantaneous sample value (the additive synthesis output)
cos is the cosine function, whose values are indexed from a wavetable
L is the length of the cosine wavetable (covering 360°)
<>L means modulo L – in this case it keeps the phase index in the range 0-360°
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Figure 2.7 – The life of an oscillator (whose lifespan is 5 frames)



CHAPTER 2 MUSICAL SIGNALS AND HOW THEY CAN BE MODELLED

©1997 Paul Masri –  41  –
PDF downloaded from http://www.fen.bris.ac.uk/elec/dmr

2.3.3.2 Critique and Modification – Additive Synthesis with Linear
Interpolation

Fast Additive Synthesis

Serra’s implementation of additive synthesis and the implementations within this thesis (the
Initial Model and the modifications of the later chapters) use the algorithm described above.  It
is well recognised that for commercial systems, additive synthesis can be prohibitively
expensive computationally.  However such considerations are not as important for model
development systems, where model integrity has a higher priority than implementation details.
Nevertheless there are some schemes for reducing computational load that are worth
mentioning here.

One approach has been to reduce the data size, so that partials with similar properties actually
share the same data.  This method, termed Group Additive Synthesis, often combines the
amplitude variations of several partials, or restricts the frequency trajectories to only truly
harmonic frequencies [Kleczkowski,1989].  Unfortunately, inherent in this approach is a trade-
off between synthesis quality and processing workload.  Recently, alternative approaches have
been proposed and are currently being refined, which could be described as Fast Additive
Synthesis algorithms.  They are transparent (in the sense that the data itself is not compromised
and the synthesis sound quality is maintained), relying on innovative processing techniques to
achieve the reduction in computational load.  Important contributions include:

• Xavier Rodet and Phillipe Depalle’s IFFT synthesis [Rodet & Depalle,1992a; Freed &
Rodet & Depalle,1993],
where the FFT spectrum of each output frame is constructed in the frequency domain
and synthesised by inverse FFT.  This is a reworking of the familiar overlap-add STFT
synthesis [Serra,1989,ch.2], but within the more flexible scenario of an analysed (and
possibly transformed) spectrum.  Further refinements that achieve amplitude and phase
continuity for chirps (i.e. linear frequency interpolation) are presented in [Goodwin &
Rodet,1994; Goodwin & Kogon,1995].

• Desmond Phillips, Alan Purvis and Simon Johnson’s multirate optimisation [Phillips &
Purvis & Johnson,1994, 1996],
which makes use of the observation that “the computational cost of an oscillator is
proportional to its update rate”, to devise a synthesis filter bank of half-band filters, that
allocates “near-optimal” sample rates to oscillators.  That is, the number of samples per
oscillator cycle is fixed (within a range) (instead of fixing the traditional ‘number of
samples per second’ sample rate), so that lower frequency oscillators are calculated less
often.

Initial Phase

Although phase has been judged not strictly important, in the Initial Model the initial phase
value is provided for each oscillator, so that after the fade in (over one frame), the relative
phases will match that of the original sound.  This has enabled visual confirmation of the
algorithm from the time domain waveform, during development.
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2.3.4 Calculation of the Residual

Having extracted the stable sinusoidal components, the partials, from the source sound, the
stochastic analysis operates on the residual.  However, the partials have been detected and not
removed from the source sound, so it is necessary to generate the residual signal.  This is
effectively the subtraction:

Residual = Source – Deterministic (2.4)

The source signal is available in the time domain, as a sample, whereas the deterministic is
available as a set of features in the model domain.  In order to subtract the two they must be in
a common domain.  If the deterministic aspect were synthesised to the time domain, the
waveforms could be subtracted.  However this necessitates that the phases of the partials be
synthesised correctly, whereas the decision has been made to discard phase information7. So the
signals are subtracted in the magnitude-only time-frequency domain.

The deterministic signal is synthesised to the time domain and converted to the time-frequency
domain using the STFT (with the same parameters as the deterministic analysis).  The source
signal is converted to the time-frequency domain, also using the STFT with the same
parameters.  In this common domain their magnitude spectra are subtracted to generate the
residual signal.

2.3.4.1 Critique and Modification – Calculation of the Residual

Justifiable Computation

The seemingly exorbitant amount of processing required to subtract the two signals can be
justified, if placed within the context of the whole system.  Firstly, the STFT’s are both
calculated with the same parameters as the deterministic analysis, so the STFT of the source
sound has already been calculated (during the deterministic analysis).  Secondly, the stochastic
analysis (to follow) is performed in the time-frequency domain, so conversion to this domain
would have been required anyway.

One saving could be made if the principles of IFFT Fast Additive Synthesis (see section
2.3.3.2) were applied, to simulate construction of the STFT directly from the deterministic
signal.  This was not, however, implemented in the Initial Model (largely because the algorithm
had not been developed sufficiently to simulate linear interpolation at that time).

Residual Contains Error Signal or Stochastic Signal?

The deterministic aspect of the model aims to capture specific components of the source sound,
intentionally rejecting other components.  Therefore the residual signal is not merely an error
signal, although it does include all the components that the deterministic aspect ignores or fails
to capture.

However neither is the residual signal truly stochastic (random), in the mathematical sense.
This results from Serra’s adapted meaning of the term ‘deterministic’: “A deterministic signal

                                                  
7 The deterministic representation, using magnitude information only, has the same partial energy localisation as
the source signal, but the absence of phase information renders time domain subtraction useless.
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is traditionally defined as anything that is not noise (i.e. a perfectly predictable part, predictable
from measurements over any continuous interval).  However in the present discussion the class
of deterministic signals considered is restricted to sums of quasi-sinusoidal components…  By
contrast, in the sinusoidal model, each sinusoid modeled a peak in the spectrum (not always a
sinusoidal component)…  In more musical terms the deterministic component models the
partials of the sound, not just any energy.”

Given this adapted meaning of ‘deterministic’, perhaps ‘stochastic’ should be redefined as
‘non-partial’.  In fact the residual signal contains a combination of non-partial elements and an
error signal.  Anything that is not captured by the deterministic analysis is, by default, included
in the residual.  Therefore any partials that are not captured, due to failures in the peak
detection, peak validation or frame linking stages, will appear in the residual.  Similarly, any
non-partial spectral peaks that are interpreted as a partial trajectory, or a part of one, will
impact the residual.  The impact could either be the deletion of truly stochastic elements, or the
creation of (negative magnitude) components.  This latter scenario is the worst because a
specific component will appear in both deterministic and stochastic aspects of the model.  (As
with the Deterministic Plus Stochastic model, the Initial Model places a threshold at zero on the
subtraction, so that negative magnitude components cannot be created.)

Inaccuracy in Calculation and its Impact on the Model

When the deterministic analysis correctly identifies a partial trajectory, there is still room for
error in the residual, due to inaccuracies in the estimation process.  A slightly erroneous
frequency value will result in the source signal’s spectral peak being slightly offset from the
deterministic signal’s one, so that upon subtraction they will not cancel properly; see Figure
2.8a (on the next page).  A slightly erroneous amplitude estimate will result in an incomplete
subtraction; see Figure 2.8b.  Both of these scenarios are highly likely, especially where there is
significant distortion to the FFT spectrum, due to nonstationarity.

Even if the deterministic analysis were to perfectly extract a partial’s trajectory, its synthesis
would be a piecewise linear approximation, since both amplitude and frequency components
are linearly interpolated between frames.  As a result, the time-frequency spectrum of the
deterministic signal would not match the source signal’s spectrum exactly.  This type of error
manifests as a difference in the width of the associated spectral peaks – the source signal’s
peaks are wider because its trajectories are further from quasi-stationarity and therefore
generate more distortion to the FFT representation.  This is depicted in Figure 2.8c.  (The fact
that the source peaks are significantly wider belies a level of detail beyond failing to track the
maxima of ridges in the STFT, the implications of which are discussed in section 6.5.)

The impact of these errors upon the model’s representation of a sound is significant, in that
features are misrepresented and therefore transformations will not be effected correctly.
Fortunately, upon synthesis (direct resynthesis or synthesis with small transformations), the
impact of these errors is minimal.  This is due to the processes of stochastic analysis and
synthesis (described in the following sections) which smooth out the localised details of the
residual, both in time and frequency.
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2.3.5 Stochastic Analysis

Serra makes the claim that just as phase is unimportant perceptually for the deterministic
aspect of the model, so too it is “irrelevant to maintain the exact frequency characteristics (i.e.
the exact magnitude spectrum)” for the stochastic aspect.  Instead the general spectral shape is
preserved.

For each magnitude spectrum, a line-segment approximation is made to the envelope.  The FFT
spectrum is split into equal-sized blocks and the maximum magnitude is found within each

(a) Frequency offset only

(b) Amplitude offset only

(c) Difference in peak width only

Grey - Deterministic

Black - Original

Reference amplitude
at -70dB

Black - Subtracted

Figure 2.8 – Residual errors due to differences between the partial peaks
of the source signal and deterministic signal
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block.  These are compiled into the envelope for that frame.  The size of each block (measured
in number of bins) is a model parameter, which should be smaller (allowing greater detail) for
more complex sounds.  See Figure 2.9.

2.3.5.1 Critique and Modification – Stochastic Analysis

The stochastic aspect of the model must represent not only truly noise-like elements, but all
non-partial elements and the error signal due to deficiencies in the deterministic aspect.
Therefore it is inevitable that the results of stochastic analysis and synthesis will be imperfect.
Within this thesis, the focus has been on improving the deterministic analysis, so that it can
better detect and track partials.  Consequently this should produce an improvement in the
stochastic aspect.  Hence the Initial Model implements the stochastic analysis as described by
Serra.

2.3.6 Stochastic Synthesis

The aim of the stochastic synthesis is to generate dynamically filtered additive white Gaussian
noise (AWGN).  The spectrum of a rectangular window of AWGN has constant magnitude and
random phase.  So the spectrum of a rectangular window of filtered AWGN has the spectral
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Figure 2.9 – Stochastic analysis



CHAPTER 2 MUSICAL SIGNALS AND HOW THEY CAN BE MODELLED

©1997 Paul Masri –  46  –
PDF downloaded from http://www.fen.bris.ac.uk/elec/dmr

envelope of the filter in the magnitude spectrum and a random phase spectrum.  This principle
is applied in a piecewise manner to construct the stochastic synthesised sound.

For each frame (see Figure 2.10a), the magnitude FFT spectrum is generated from line
segments based on the associated envelope array.  A random phase FFT spectrum is generated.
The IFFT is computed to yield a rectangular window of filtered AWGN.  Each frame’s output
is windowed (with a simple window function, such as the Hanning) and the outputs are
overlapped and added such that a dynamic filter response emerges (see Figure 2.10b).  The
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(a) Construction of a stochastic frame for IFFT synthesis
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(b) Overlap-add synthesis of windowed stochastic frames

Figure 2.10 – Stochastic synthesis
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final stage of this is the familiar overlap-add synthesis, that was used in the first STFT-based
implementations of McAulay & Quatieri’s Sinusoidal model, where the hop-distance, window-
length and window function are chosen such that the window envelopes add to unity.

2.3.6.1 Critique and Modification – Stochastic Synthesis

The IFFT Overlap-Add synthesis is an elegant method for recreating a smoothly evolving,
dynamic noise spectrum.  In practice it can suffer from pre-echo and reverberation as the
instantaneous noise spectrum is spread over a finite time (future and past).  Where the original
sound contains rapid spectral changes, such as at a percussive onset, the audible effect of
diffusion is amplified.  Chapter five solves the problem for sudden attacks by forcing an abrupt
rising edge on the amplitude envelope.  However the effect of diffusion in other circumstances
remains.  This is particularly noticeable for speech, which sounds more reverberant and hence
less distinct.

2.3.7 The Model as a Whole

In summary, the model features are partial trajectories and spectral noise envelopes, organised
in time-frames.  The model itself is an abstract entity – a concept – but it is made manifest
through the analysis-resynthesis system.

A sound sample is analysed by the system to generate the feature set specific to that sound.
Synthesis of the features yields a reproduction of the original sound.  Yet the power of this
model is its flexibility as a tool for musical transformation.  The features, particularly the
partials, represent elements that can be intuitively grasped in a musical sense.  Indeed the model
enables (with considerable ease) transformations that are difficult or impossible by direct
manipulation of the samples.

For example, time scaling (commonly known as time-stretch) is a complex operation in the time
domain, but in the model domain it is a simple scaling of the interval between frames.  The
frequencies and amplitudes of the deterministic aspect are synthesised at the new frame rate
with faster or slower linear interpolation and the stochastic spectral envelopes are interpolated
between frames (so that the synthesis hop-distance is preserved).

2.3.7.1 Critique and Modification – The Model as a Whole

McAulay and Quatieri laid the foundations for the sound analysis-resynthesis model, by
applying the principles of the Fourier Series with the known properties of the human voice, to
create a practical implementation.  Serra’s Deterministic Plus Stochastic model has taken this
realisation into the domain of musical tools, by focusing on aspects that would yield flexibility
for musical transformation.  The question now is how well this model (specifically the Initial
Model) satisfies the aims of this thesis.

Feature Encapsulation and Model Usability

How well does the Initial Model live up to the aims of the thesis (stated at the beginning of
section 1.3)?  How much of the timbre space (see Figure 2.1) does the model’s feature set
encapsulate?  How well do the features match those musical properties?  How accurately can
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the model reproduce a source sound (using direct resynthesis)?  How usable is the model for
musical transformation?  How easily does the model extract its features?

In terms of the sound properties explored in the first part of this chapter, the model has a very
clear definition of the elements that compose the harmonic structure, and is therefore well
placed to model pitched sounds.  The stochastic aspect is something of a catch-all feature set,
whose features most closely match the unpitched noise-like sounds, like the sibilants and
fricatives of speech.  However there are limitations in both aspects, particularly in terms of the
dynamics of sound.  Both deterministic and stochastic aspects are good at extraction of features
for slowly evolving spectra, but neither have the capability to adapt to rapid changes.  In
particular, a major failing of the model is its inability to target percussive attack transients,
which are important features in any rhythmic music.

In terms of the match between feature parameters and musical properties, the partials describe
the frequency and amplitude trajectories of the elements of the harmonic structure, so there is
very good correlation.  This in turn makes the deterministic very usable for musical
transformation of pitched elements.  The stochastic spectral envelopes do capture noisiness, but
there is much less correlation between model parameters and musical properties.  Inasmuch as
noise sources tend to derive from chaotic turbulence that is filtered by whatever medium it
passes through, the model’s instantaneous magnitude spectrum is a fair approximation.
However localised chaotic variations are not as well represented.  This is particularly true when
the chaos is not additive, but a part of a more long-term stable component.  Nevertheless the
representation does lend itself to musical transformation.

For direct resynthesis (i.e. reproduction), the quality is high for many musical instruments,
where there is a sustained pitch within each note.  A melody on an oboe for example.
Instruments that have a complex onset transient or feature abrupt changes are not as well
represented.  Often the synthesis of these elements appears diffused or even dissolved.

The question of ‘ease of extraction’ is both an issue of effectiveness of the algorithms and an
issue of system usability (for the musician).  The major limitation to the model’s ability to
extract features is the resolution of the STFT.  This affects the accuracy with which
components (particularly deterministic) are extracted and obscures detection of closely spaced
components (in frequency or time) so that polyphony and attack transients are not represented
in the model.

In terms of system usability, the analysis and synthesis are automated.  However there are
many parameters that need to be set.  In Serra’s implementation, a number of these were source
dependent, which required the musician to have an intimate knowledge of both sound structure
and the analysis-resynthesis system.

2.3.7.2 Model Aspects Targeted For Improvement

From the above comments and the observations of all the critique sections of this chapter, the
model achieves much in its ability to represent musical sounds and to provide a system for
musical transformation.  Nevertheless there are some weaknesses that could be targeted for
improvement.  At a global level, they include:

• synthesis of the attack portion of sounds that have a percussive onset;
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• perceptual fusion of the deterministic and stochastic aspects of the model;

• capacity for sounds of multiple sources (including chords from one instrument);

• automated operation (including the selection of system parameters).

Of these the first three require direct modification of the model, whilst the fourth is more a
product of the system implementation, although that too can be aided through modifications to
the model.  In the construction of the Initial Model from the Deterministic Plus Stochastic
model and in the studies to follow, an emphasis has been placed on finding parameters that can
be globally set, independent of the sound to be analysed so that the system becomes truly
automatic.  Hence, for example, the window-length is fixed so that the lowest partials can be
separated and the Hamming window function replaces the Kaiser.

Time-Frequency Representation (TFR)

The synthesis of attack transients, like the ability to resolve closely spaced components in a
polyphonic sound, is a problem of the time-frequency representation. The TFR directly
influences how data is viewed and therefore what features are made visible.  Chapter three sets
its target on discovering why the STFT is limited, what alternatives exist and how more
resolution might be squeezed from the representation.  Key to this is the need (of the designer)
to be well-informed of what happens to a signal when it is analysed and what assumptions are
being made.

Frame Linking by Harmonic Structure

The process of generating partial trajectories is governed not only by the available resolution of
the TFR, but also by the strategies employed for peak validation and frame linking.  As the
description of section 2.3.2.6 revealed, this is a major area for improvement.  Chapter four
proposes replacing the ‘nearest frequency’ strategy of peak linking with a method based on the
harmonic structure.  This stand is defended in the first part of the chapter and the rest of the
chapter describes an implementation.  Central to the presented algorithm is room for
upgradeability.  Therefore, although the system cannot deal with polyphonic sounds at present,
the algorithm includes techniques that can be upgraded to polyphonic linking, when the
capability is developed.

Attack Transients

The problem of attack transients is specifically targeted in chapter five.  The time scale of a
percussive attack is much shorter than the chosen time scale of the STFT.  So even if there is
an incremental improvement in the resolution of the TFR, there will still be the need to improve
the model’s ability to represent attack transients.  Chapter five incorporates attack transients
into the model for the first time, by introducing a detection scheme and making minor
modifications to the system structure, so that analysis can pick out features more clearly and
synthesis can respond to the rapid changes in the spectrum.

Perceptual Fusion

The issue of perceptual fusion of the two aspects of the model (deterministic and stochastic)
was not realised at the outset of the thesis work, but became apparent through listening to the
synthesised sounds and certain key observations of signals within the system.  There is a slight
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subjective mismatch between the deterministic and stochastic aspects, particularly noticeable
for speech, where the tonal aspects and the noisiness appear to come from separate sources.
Couple this with the observations made during calculation of the residual (see figure 2.9c,
section 2.3.4.1) and the observation of musical sound properties (section 2.1.5.1) that not all
noise is additive.  The result is a suspicion that there is extra detail in the partials, that is
missing from the model, and that that detail is probably in the form of small scale chaotic
variations.  Chapter six, which collates the results of chapters three to five and presents future
work suggestions, examines this point in more detail (section 6.5) and presents evidence to
support this theory.  Finally suggestions are put forward for a proposed approach to solving the
problem, as a direction for future work.


