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Abstract

João DUARTE

A reflection on the statistical method for trimbre synthesis

Atualmente há uma lacuna no desenvolvimento de possiveis aplicações

expressivas dos metodos desenvolvidos nas tecnicas de síntese natural.

Este trabalho teve como objetivo investigar os possiveis usos expres-

sivos do método de síntese de Josh McDermott, que emprega uma metodolo-

gia de decomposição estatística e alcançou resultados promissores no campo

da psicoacústica de texturas sonoras.

O estudo alterou o código computacional do método original de maneira

testar a possibilidade de utilização do mesmo como um sintetizador de in-

strumentos e "morpher" entre samples instrumentais e texturas sonoras.

Os resultados demonstram que o metodo falha como um sintetizador

instrumental devido a uma aparente incapacidade deste na desconstrução

estatistica das qualidades harmônicas e tonais inerentes aos sons instrumen-

tais, no entanto, este demonstrou bons resultados como um morpher com

um alto grau de parametrização.

No seu estado atual, a técnica de síntese pode ser utilizada como uma

ferramenta expressiva uma vez que traz qualidades distintas de texturas

sonoras aos sons instrumentais.



viii

Palavras-Chave: Síntese Expressiva, Síntese Estatística, Sintetizador

de Instrumentos, Textura de Som, Timbre
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Abstract

João DUARTE

A reflection on the statistical method for trimbre synthesis

There is relatively little effort placed into exploring potential expres-

sive usage of natural synthesis techniques.

This research aimed to investigate possible expressive applications of

Josh McDermott’s natural synthesis method, which employs a statistical de-

composition methodology and has shown promising findings in the field of

sound texture psychoacoustics.

The study modified the computational code of the original method

to examine if it could be used as an instrument synthesizer and morpher

between instrumental samples and sound textures.

The findings demonstrate that the approach fails as an instrumental

synthesizer due to an apparent inability to statistically deconstruct the har-

monic and tonal qualities inherent in instrumental sounds, however, it per-

formed well as a morpher with a high degree of parametrization.

In its current state, the synthesis technique can be used as an expres-

sive tool, as it adds distinct qualities of sound textures to instrumental sounds.

Keywords: Expressive Synthesis, Statistical Synthesis, Instrument Syn-

thesizer, Morpher, Sound Texture, Timbre
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Chapter 1

Introduction

The technique of generating sound using electronic hardware or soft-

ware is known as sound synthesis. It can be used for a variety of purposes, in-

cluding the replication of real-world acoustic events, the generation of unique

sounds that cannot be produced acoustically or the advancement of system

automation, such as text-to-speech software. It is a technique used widely

in the arts, ranging from the electronic musical instruments known as syn-

thesizers to the modern sound generation used in movies. Even though

this method has been a prevalent since the genesis of modern western me-

dia (Corbella and Windisch, 2013), it is still evermore relevant nowadays

(Okamoto et al., 2019).

However, due to the wide amount of practical uses and multidisci-

plinary nature of sound synthesis, in addition to the quick improvements

with the help of modern computer technologies, and large number of method-

ologies and approaches employed, the potential of each sound synthesis ad-

vancement may not be explored to the full extent. For example, many sound

synthesis methods used in movies and video games are of the natural vari-

ety, striving for realism and practicality, may not be considered for expressive

uses of sound synthesis, such as in music.

This research aims to investigates various methods of computational

texture synthesis, one of the most active areas of development and interest
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in the sound and music computing landscape, with a particular focus on

statistical synthesis.

This chapter will provide an introduction to the study by first dis-

cussing the background and context, followed by the research objectives and

questions, contemplating on its significance and limitations.

1.1 Background

Art is (and has always been) intrinsically linked to and dependent on

the stage of technical advancement. The artist’s relationship and work are

inextricably linked to the limitations of what can be understood and con-

structed. Of course, technological advancements bring with them new op-

tions for artistic expression.

Beginning in the 1990s, with the introduction of affordable computer

technology, digital audio signal processing methods provided greater control

over the creative process. Rather than working directly with the electrical

signal, it was feasible to work mathematically with a digital representation

of sound, allowing one to computationally construct what would be exceed-

ingly difficult to reproduce by analogue means with relative ease. With to-

day’s knowledge and technology, digital sound signal processing enables a

wide range of applications, from speech recognition to noise suppression to

sound synthesis.

Sound synthesis, the process of artificially creating sounds through

simulation or modelling, has piqued the interest of many in recent years

because it not only stands on its own but also complements other artistic

disciplines such as cinema, theatre, and video games, as well as aids in the

development of new tools and instruments in music. The subject itself is in-

terdisciplinary, embracing areas such as sound wave physics, computational

signal processing, and sound psychoacoustics.
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There are several kinds of sound synthesis methods. At the moment,

procedural sound generation approaches are of particular interest, for exam-

ple, for developing models of object sounds and natural events (Selfridge,

Moffat, and Reiss, 2017b; Bahadoran et al., 2018), as well as for the synthesis

of human speech. Synthesis techniques also often use physical modelling

(Serra, 1993; Farnell, 2007) and corpus-based approaches (Schwarz, 2006;

Einbond et al., 2021). The work of Josh McDermott (2009; 2011; 2013), which

utilizes a succession of statistical analysis on a weighted implementation of

cochlear-based spectral filters in sound, is likewise relevant and will be de-

scribed in detail further in this dissertation.

Many cutting-edge methods are also incorporating the most recent

machine and deep learning technologies. Machine learning is widely sought

after due to its efficient approach of managing enormous volumes of data,

wide range of applications, and potential scope for advancement. However,

the disadvantages of these methods, such as generalization issues, learning

biases, and limited control over the algorithm, are also present.

1.2 Research Overview

1.2.1 The Problem

Today’s audio synthesis systems can successfully imitate natural sounds;

for example, WaveNet can generate high-fidelity speech (Oord et al., 2018)

and AutoFoley is able to generate believable foley-type audios when given a

certain video as input (Ghose and Prevost, 2020).

There is no doubt that audio synthesis is well established in the artistic

and creative fields as well: one only needs to open Digital WorkStation to

have a plethora of synthesizers, effects, and VSTs at one’s disposal.
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Depending on the usage and purpose synthesis method, we can dis-

tinguished synthesis in two categories: natural and expressive (Schwarz,

2011). The following is the definition of both categories applied to sound

textures, since they are going to be the of relevant in this study:

• Natural Texture Synthesis - it attempts to synthesize realistic textural

sound as part of a wider soundscape. It focuses on realism and recog-

nizability, drawing heavily on computer vision algorithms and having

applications in the actual world of movies and video games. The ma-

jority of recent methods that have been developed are for this aim.

• Expressive Texture Synthesis - it aims to be able to separate created

sound texture that is determined primarily by timbre rather than pitch

or rhythm. The goal is to produce sound interactively for music cre-

ation and sound arts.

However, there appears to be very little link between the last two ap-

proaches outlined. Natural sound synthesis research rarely strives for or

even explains possible expressive components in their outcomes. The com-

mon usage of deep learning on the current advancements, while achieving

outstanding results for natural synthesis, also tends to create the "blackbox"

problem, where there is little control over the design of such networks, which

is usually desirable for expressive use.

Until recently, there has been no systematic investigation of the use-

able parameter space (Di Scipio, 1999) for expressive sound synthesis, with

some newer works (H. v. Coler, 2019; H. v. Coler, 2021) attempting to intro-

duce a more informed manner for this sort of application.

Since there is a considerable body of documented developments in

natural sound synthesis methods, the lack of a bridge between them and

expressive synthesis means a significant loss of potential for educated appli-

cations in the artistic domains.
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1.2.2 Aims and Objectives

At a high theoretical level, the goal of this document is to examine

and comprehend the majority of the audio synthesis systems now in use.

However, because the range of sound synthesis methods is so vast, the choice

was made to concentrate on a specific form of sound creation: sound textures

synthesis.

Sound textures are defined as sounds that are produced by the su-

perposition of several small scaled events, having stability on a greater time

scale. Common examples include the sounds of fire, rain, and wind.

Among the existing methods, the one developed by Josh McDermott

that employs a statistical filtering approach is of particular interest. The

method has produced great results in the field of psychoacoustics, remark-

ing on the nature of our perception of sound textures. From this hypothesis

resulted the development of a sound synthesis technique that convincingly

recreates the majority of traditional sound textures.

However, as previously said, there is very little research on the pos-

sible expressive usage of this technology. As a result, the main goal of this

dissertation is to analyse the various possible expressive applications, high-

lighting their strengths and limits.

The research will look for any possible direct applications of the ap-

proach as a music instrument synthesizer, following a possible parallel be-

tween the concepts of sound texture and an instrument’s timbre. If the method

could achieve the recreation of an instrument’s timbre independently of the

pitch and rhythm can use, by definition, as a tool for expressive synthesis.

In addition, it will also look at more nuanced and supportive aspects

in the synthesis role that it can take. This was performed by testing the possi-

bility of transferring certain characteristics from sound texture to instrument

samples through the manipulation of the methods variables.
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Therefore, the dissertation’s objectives are to comprehend and decon-

struct the statistical synthesis process in order to understand and develop

tools for testing the expressive alternative. In summary, it aims to answer the

following questions, relating to Josh McDermott’s method:

• Can this method be used, and if so how,as an instrument synthesizer?

• Can this method transform an instrument sound into sound texture in

a controllable manner?

The methodology used an experimental approach, starting with an al-

ready existing method developed by the original developer as a foundation,

then constructing a control data set and tweaking with its parameter inputs

in order to test the questions stated above to the best of its abilities.

The investigation’s usefulness lies in the production of an informed

introduction to a possible new approach for expressive sound synthesis. As

a consequence, it will also comment and expand in usage the method it-

self. Furthermore, by bridging a natural synthesis process to an expressive

method, it will reflect on the approach to such a task and hopefully be used

as a guide for future attempt.

1.2.3 Scope and Limitations

This approach has no intention of improving or expanding theoreti-

cally on an existing method. It will concentrate solely on the possibilities as

an expressive synthesis tool, rather than the original study’s aims.

This document will only address one method, a rather narrow scope

in the larger topic of connecting natural and expressive methods. This was

done to fully understand and explore the method’s full potential given the

resource constraints, with the understanding that this type of singular study
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would produce better results than a broader attempt to connect several meth-

ods.

This investigation proved to necessitate of a significant amount of com-

puter resources, and having access to more computational power would un-

doubtedly generate more results and, as a consequence, a more robust final

data set. As such, the tests that were carried out were those that the author

believed would yield the possibility of the most interesting results.

There is also the issue of generability. Because synthesis methods dif-

fer so greatly from one another, even when attempting the same tasks, it

is not possible to fully transfer the knowledge and conclusions from this

study to another attempting similar feats but employing a different synthesis

method. It is, however, a credit to the broad and impressive body of work

being done presently in sound synthesis, taking advantage of various disci-

plines of inquiry, from the ever extending list of computational approaches

to new knowledge in psychoacoustics, that such generalization is not attain-

able.
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1.3 Structural Outline

This dissertation is divided into seven chapters:

• Introduction

• Theoretical Concepts

• State of the art

• Methodology

• Results

• Discussion

• Conclusion

The second chapter contains the basic theory and analytical concepts

for understanding computer-aided sound synthesis while also exploring the

different properties of sound, from the physical phenomenona to its percep-

tion and digital representation. It also presents in detail the statistical sound

synthesis method of interest, since information about its parameter and ap-

proach is essential for understand the investigation subsequent chapters. The

objective is to introduce the necessary information to fully engage with fur-

ther material.

The following chapter presents the literature review of sound synthe-

sis. It looks at the various techniques to make sound, presenting them in

chronological order, from the early methods of sound synthesis to the state

of art approach for sound texture synthesis, while contextualizing the statis-

tical synthesis method.

The fourth chapter covers the methodology. It outlines the methods

that were employed to test your study’s hypotheses, containing details on

the procedures, data preparation, parametrization and result analysis.
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The fifth chapter discusses the study’s results in relation to each of the

methods mentioned in the preceding chapter, as well as provide some brief

comments on the data as it is presented.

In the sixth chapter, the results are reviewed and contextualized, mak-

ing a more in-depth statement on what contribution the study makes to the

literature as a whole, outlining the implications of your study’s findings,

identifying the limitations of the study and presenting your recommenda-

tions for future research.

The document ends in a brief chapter with the conclusion of the study.
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Chapter 2

Theoretical Concepts

Sound plays out an integral part of most people’s lives. The auditory

system receives stimuli constantly, even when we are asleep. We can sense

a large amount of information about our environment just by acknowledg-

ing with differences in air pressure, from discerning whether a train is ap-

proaching or leaving to speculating about the size of a room from an audio

recording.

From speech to art, sound is an essential facet of our communication,

thus it is no wonder that comprehending sound as a physical and psychoa-

coustic phenomenon is critical to the development and study of digital audio

technologies.

2.1 Sound, physically

In physical sense, sound is a disturbance that takes the shape of a me-

chanical pressure wave that propagates across a material medium. A series

of alternating compressions and rarefactions caused by a vibration propagat-

ing through a transmission medium like air or another gas, liquid, or solid.

As illustrated in figure 2.1, sound is a longitudinal wave, which implies that

the vibration happens in the same direction as the wave propagates across

space.
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FIGURE 2.1: Visual depiction of compressions and rarefactions
in a sound wave, as well as their parallel representation in a 2D

pressure vs time graph, shown below. From Sound 101 2017

As a result, we may construct a representation of the wave through

space using a simple two-dimensional graph, allowing us to readily identify

two of its essential properties:

• The amplitude, A, is the highest local compression or rarefaction dis-

placement from the average pressure value.

• The wavelength, lambda, is the physical distance between two consec-

utive corresponding points, that is, points in the same phase.

There will necessarily be a time delay, T, between two subsequent

equivalent locations as the wave passes through a medium. This temporal

measure is particularly significant because it determines the frequency, f ,

which is an important attribute in sound perception, namely the number of

cycles of waves travelling past a location in space in one second.

f = 1/T (2.1)
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The wavelength-frequency connection is determined by the speed of

sound in a medium, s. As a result, higher-frequency sound waves have

shorter wavelengths (and periods).

s = f λ (2.2)

It is relevant to note that the descriptions being used are oversimpli-

fied: Sound waves are not planar; they travel spherically across the medium

and are often composed of a complicated mix of frequencies that fluctuate

over time, but the fundamental qualities illustrated remain.

2.2 Digital Audio

To take use of the computing capabilities available, sound has to be

converted into a digital representation of itself. The benefit of a digital ver-

sion is that the computer can readily alter and manipulate the information,

which in some cases would be difficult or impossible in an analog media.

To do this, sound must first be transformed into an analog signal,

which is accomplished by devices, often microphones, that catch sound vi-

brations and convert them into a changeable electrical voltage. Analog sig-

nals consist of continuous range of values, as opposed to the computer world’s

discrete mathematical structure.

Computers function using binary information, which is stored in val-

ues of "1" and "0", therefore the information in sound must be translated into

a binary language before it can be comprehended and processed. In contrast,

digital information stored in computers must be translated into an analog

language before it can be repeated through a speaker. As a result, there must

be two types of conversions: analog to digital conversion (ADC) and digital

to analog conversion (DAC), as seen in 2.2.
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FIGURE 2.2: The capabilities of ADC and DAC, from sound
capture to sound emission. From 0101000111 – Talk to the Com-

puter 2018

Analogue to Digital Conversion employs the sampling idea, which

involves processing sound by measuring the amplitude (recorded as voltage)

of a continuous stream at predetermined intervals. As seen in figure 2.3, the

analog signal is split into discrete sets of values, samples, resulting in a binary

representation of the fluctuation in voltage.

FIGURE 2.3: The sampling process.
From Digital Audio Basics: Audio Sam-

ple Rate and Bit Depth 2021

The sampling rate is the number

of times the signal is split per second.

The Nyquist-Shannon sampling theo-

rem asserts that the sample rate must

be at least two times greater than the

higher frequency signal in order to ad-

equately reproduce sound. As demon-

strated in figure 2.4, the lower the sam-

ple rate in comparison to the maximum

frequency, the more probable distor-

tion will occur and information will be

lost during conversion. This is known

as aliasing distortion, and it happens
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when the sampling rate is insufficient

for the frequency of the original analog signal.

FIGURE 2.4: The aliasing effect. From MT-002 TUTORIAL 2016

FIGURE 2.5: An example of amplitude quan-
tization, with the difference between utiliz-
ing 2 bit and 3 bit. From Difference Between
Uniform and Nonuniform Quantization 2018

The quantization of the am-

plitude values is another factor

to consider during the ADC con-

version. Each sample’s ampli-

tude is measured and assigned

a value throughout the sampling

process. As illustrated in figure

2.5, for each measurement, a range

of values is allocated within which

the amplitude value fits. The

more extensive the range of val-

ues, the more precisely the con-

nection between amplitude values

is recorded, and the accompany-

ing quantization noise is decreased.
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2.3 Psychoacoustics

The study of the link between the physical qualities of sounds and

how they are experienced is known as psychoacoustics. Sounds are primarily

heard in the human body through the auditory system, which takes waves

from the environment, interprets them, and transfers them to a higher brain

level. Much of the information we can take up is included in the frequency

relationship within the sound, allowing us to determine its character and

quality.

2.3.1 Auditory System

As seen in the figure 2.6, the auditory system is split into three parts:

the inner, middle, and outer ear.

FIGURE 2.6: An Overview on the Auditory System. From Un-
conventional 3D User Interfaces for Virtual Environments 2021

• The outer ear, the external part of the auditory system, is further subdi-

vided into:
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- the pina, which serves as an important tool for sound capture and

localization;

- the auditory canal, a structure that transfers energy through to

the eardrum, amplifying certain frequencies (3kHz) and serving as a

protector for the auditory system’s inner structure (Fastl and Zwicker,

2007);

• The area between the eardrum and the oval window is referred to as

the middle ear. The ossicles are made up of three microscopic bones:

the malleus, incus, and stapes. This section’s principal role is to match

impedance as energy is transported through the middle ear via the

ossicles and eventually turned into fluid movements in the inner ear

(Moore, 2012).

• The inner ear is made up of two parts: the bone labyrinth (which houses

the cochlea) and the membrane labyrinth. Its major function is to con-

vert mechanical waves into electric impulses, which are then sent to the

brain.

2.3.2 Auditory Transduction and Neuronal Encoding

The cochlea, a snail shell-shaped bonny structure filled with fluids, is

where sound waves are converted into electric impulses (auditory transduc-

tion). As seen in the figure 2.7, its length is mostly made up of three canals,

the scala vestibuli, media, and tympani, and two membranes, the basilar and

Reiner’s membrane.

The basilar membrane runs from end to end along the length of the

cochlea. When pressure is applied on the membrane, it moves, as does the

fluid in the neighboring chambers. The stiffness of the basilar membrane and
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FIGURE 2.7: The cochlea. From Cochlea From Wikipedia 2010

the inertia of the surrounding fluids allow distinct portions of the cochlea to

respond to various sound frequencies. High-frequency sounds are not ideal

for moving fluid but can interact with the rigid basal end of the membrane,

whereas low-frequency sounds can move fluid and interact with the softer

edge at the apex, as seen in figure 2.7. This is referred to as basilar tuning.

The mechanical waves are converted into electrical impulses in the or-

gan of Corti. The organ has microscopic protrusions from the surface known

as hair cells, which come in two varieties: inner and outer hair cells. When

inner hair vibrates, ion channels open, enabling positive ions to enter the cell,

triggering the release of neurotransmitters to auditory nerve fibers that link

to the brain.

The signal is deliberately transmitted to the primary auditory cortex, a

section of the brain comprised of separate groupings of neurons that respond

better to particular frequencies (similar to what occurs in the cochlea), allow-

ing the signal’s frequencies to be mapped and so discriminated in the brain.

Tonotopy refers to the brain’s spatial organization by frequencies.

Tonotopy generates insight for the use of filter banks or a Fourier

Transform in sound encoders since it mimics the auditory system response
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FIGURE 2.8: The Primary and Secondary Cortex, where neural
encoding of sound if performed. From Perception Space—The

Final Frontier 2009

to sound as a temporal event as well as its spectrum components in time (Lee

et al., 2021).

2.3.3 Sound Perception

Loudness

The hearing system does not pick up on all vibrations; it is highly

specialized to be sensitive to certain frequencies. The human ear can typically

receive sounds with frequencies ranging from 20 to 20000 Hz, while lower

frequency sounds can be perceived by touch, and the top limit decreases with

age. Furthermore, not all frequencies are heard equally: as shown in figure

2.9, there is a non-linear connection between sound pressure level (SPL) and

loudness, the subjective impression of the former, that varies with frequency

and SPL itself.

Due to the previously described processes in the outer and middle

ear, sensitivity is lowest at the limits of frequency perception and maximum



20 Chapter 2. Theoretical Concepts

FIGURE 2.9: Fletcher–Munson curves, contours of equal loud-
ness on an SPL versus frequency space. From Equal-loudness-

level contours for pure tones. 2004

between 2 kHz and 5 kHz. As a result, the hearing threshold varies with

frequency.

Critical Bands

The ear cannot indefinitely quantize the frequency range and identify

every little fluctuation; this restricts how humans can discriminate between

them, resulting in critical band bandwidths. The following is the connection

between frequency, f , and bark, a constructed estimate for the distance be-

tween two successive critical bands, i.e., a frequency scale with equal value

distance represents equal subject viewpoint difference:

bark = 13arctan((0.00076 f ) + 3.5arctan(
f

7500
)2) (2.3)
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2.4 Timbre

According to French composer Michel Chion (Chion, 2019):

"The emotional, physical, and aesthetic value of a sound is linked not only to the

causal explanation we attribute to it but also to its own qualities of timbre and

texture, to its own personal vibration. So just as directors and cinematographers

(even those who will never make abstract films) have everything to gain by refining

their knowledge of visual materials and textures, we can similarly benefit from

disciplined attention to the inherent qualities of sounds."

Timbre is typically described in music as "the character or quality of

a musical sound or voice that is unique from its pitch and intensity." While

the principle is simple, the phrase has long been difficult, with meanings

eluding a good explanation of how each sound source has its own unique

"sonic fingerprint."

Timbre has been defined as the connection between the frequencies

of a sound, most typically between the basic frequencies and overtones, as

scientific and technical developments have transpired. Artists’ interest and

effort in exploring the potential of timbre expanded as their awareness of the

phenomena grew.

Early twentieth-century composers, like as Arnold Schoenberg, were

interested in researching timbre in compositions as part of their investiga-

tion of tonality, while futurists such as Luigi Russolo pushed the frontiers of

what sorts of sound might be employed in music creation. However, due

to technical restrictions, these artists were still severely constrained in what

they could produce.

Since then, these limitations have been overcome, and modern meth-

ods allow for greater control over sound generation.
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2.5 Sound Textures

Sound Textures are defined by the result of a superposition of several

brief sound occurrences and are stable on a wider time scale. These occur-

rences follow a higher-level pattern that is revealed in a matter of seconds

and might periodic and/or random (Schwarz, 2011). Rain, fire, wind, or

crowd noises are examples of sound textures. These sounds are used in

many types of art, from movies to sound installations to video games.

Strobl (Strobl, Eckel, and Rocchesso, 2006), divides common sound

textures into five categories:

• Natural sounds, like fire, rain and wind

• Animal sounds, like crickets and humming

• Human utterances, like babble and chatter

• Machine sounds, like buzz, drone and traffic

• Activity sounds like rasp, rub and walking

However, there are still some disagreements over the entire definition

of sound texture, which has resulted in the creation of various subcategories

within the concept (McDermott and Simoncelli, 2011).

2.6 Statistical Sound Synthesis

In the late 2000’s, Josh McDermott introduced a study (McDermott,

Oxenham, and Simoncelli, 2009) that explored the hypothesis that the human

auditory system detects sounds using statistical correlations. The major goal

of the study was to learn how information is processed in the auditory sys-

tem during the intermediate phases of hearing, as the beginning (peripheral



2.6. Statistical Sound Synthesis 23

processing) and end stages (perceptual decision) are well established. The

sound texture were employed for this investigation since kind of noise had

the benefit of being rich enough to be clearly identified and distinguished.

Simultaneously, it possessed a temporal homogeneity that minimized the

complexity of the noise by focusing on texture rather than temporal aspects,

making it well-suited to time-averaged statistics.

To test the idea, a synthetic approach was created that pulls from

computer vision concepts that textures may be recognized by their individ-

ual statistics, implying that sound textures with identical statistical values

should sound similar. This also implies that imposing a set of statistical val-

ues on an existing sound should result in it sounding similar to the sound

used to construct such a set, which is the method’s primary notion.

2.6.1 Statistical Data Set

The synthesis approach uses a sequence of steps similar to the biolog-

ical auditory system to generate the first statistical data set, which has been

demonstrated to give superior outcomes to other methods. It aims to simu-

late sound decomposition in the ear and follows the processes described in

2.10:

• The original sound is initially processed with 30 bandpass cochlear fil-

ters uniformly dispersed on an ERB scale, a scale that approximates the

bandwidths of the filters in human hearing (Moore and Glasberg, 2004),

simulating cochlear decomposition.

• After that, each frequency band’s sound is processed with amplitude

envelopes (or low-pass filters). This permits information about the am-

plitude of the response to be maintained for each filter. These filters also

take non-linear cochlear sound propagation into consideration.
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• Each envelope is subsequently exposed to a bank of 20 bandpass mod-

ulation filters, which are comparable to cochlear filters but are tailored

to information at considerably lower frequencies

FIGURE 2.10: An overview of the numerous decompositions of
the original sound that allow the necessary statistical metrics to

be extracted. From McDermott and Simoncelli, 2011

2.6.2 The Statistics of Texture

The statistical classes used were the moments of the marginal distri-

bution of the amplitude of each sub-band, M, and the pairwise correlations
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between the Hilbert envelopes, C, which are important factors in the paral-

lel study of computer vision and satisfied the condition of creating different

data sets.

Moments

Moments are functions in mathematics that provide information on

the shape of a function’s graph. The following equation describes the mo-

ment m of the nth order:

µn =
∫ ∞

∞
(x − c)n f (x)dx (2.4)

These procedures are effective when applied to probability distribu-

tion functions, a function where x is the value of an event and f (x) is the

probability. In the image below (2.11), we can see how a basic plot of the

evolution of sound pressure for three different files may be transformed into

a probability histogram.

FIGURE 2.11: The sound pressure plot is on the left, and the his-
togram is on the right. From McDermott and Simoncelli, 2011

When we analyse the first crude moment (the one centred at zero,

c = 0), we obtain µ1 =
∫

x f (x)dx, which is the total of all possible values

weighted by their probability, i.e. the mean of the function for the original
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function. When we centre the second moment on the previously computed

mean, we obtain mu2 =
∫
(x − µ1)

2 f (x)dx, which is the variance, which in-

dicates how wide the original function’s values are spread compared to its

mean.

Following that, the third and fourth moments, when centred at the

mean and suitably normalised by the deviation (σ), yield the skewness, µ3 =∫ (x−µ1)
3 f (x)

σ3dx , the asymmetry of the curve relative to the mean, and the kurto-

sis, µ4 =
∫ (x−µ1)

4 f (x)
σ4dx , indicating the expression of a tail.

Although the moments in this approach are applied with minor al-

terations, it demonstrates that moments in principle are a strong means to

appropriately define the structure of a distribution function.

The modulation band moments represent the fluctuation of the cochlear

envelopes that distinguish rapid from slow modulated sounds while keeping

part of the original sound’s temporal information.

Pairwise Correlations

Marginal moments, on the other hand, are insufficient to provide a

consistent representation of the sound because they only include limited time-

averaged information within particular channels. It would be necessary to

account for the connection between various channels. Correlation was a great

tool for this since it shows a statistical link between variables. The following

is the formula for a sample relation coefficient r:

rxy =
∑(xi − µ1x)(yi − µ1y)

σxσy
(2.5)

There are three types of correlations taken into account:

• The correlation between distinct cochlear channels, C, provides for the
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differentiation of events that occur with relationships to different chan-

nels, such as the sound of applause, from those that do not, such as the

sound of water.

• Because modulation bands are used after cochlear filters, two sorts of

relationships must be considered:

- Between bands that are modulated at the same frequency but have

distinct cochlear filters (C1). This helps us to distinguish between noises

that are only linked in a subset of bands, such as wind, and those that

are correlated in all bands, such as fire.

- Those between bands used in the same cochlear filter but with

distinct modulation frequencies (C2) enable for sound discrimination

with abrupt onsets and/or offsets.

2.6.3 Synthesis Process

After obtaining the required statistics, the sound can be synthesized by

superimposing these values over an original sound. This synthetic approach

seeks to have a high degree of resemblance, i.e., most of the perceptually

significant information will be kept, rather than to reproduce the sound, i.e.,

the created sound will be physically distinct from the original.

The sound to be altered (in this case, white Gaussian noise) is sub-

jected to a systematic and iterative transformation to accomplish the syn-

thetic transformation, as seen in figure 2.12.

To ensure that the values in a sub-band are accurately applied, the fil-

ters used to form that sub-band are applied again, which is not guaranteed if
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FIGURE 2.12: An overview over the synthesis architecture.
From McDermott and Simoncelli, 2011

just once. However, because re-filtering and re-combining affect the respec-

tive statistical values of a sub-band, the procedure must be iterative in order

to accurately impose the intended statistical values.

The gradient, r, is a mathematical quantity that forms a vector field

whose vectors point in the direction with the quickest slope for a relative po-

sition when given a differentiable function. Each statistical value’s gradient

may be utilized to change its value in the direction that best matched the

intended result. As a consequence, gradient descent was employed:

s0 = s − lr f (s) (2.6)

Where s and s0 are the signals before and after the operation, respec-

tively, l is a scalar step, and f (s) is the statistical function for the signal. Gra-

dient descent is an optimization process that is used to determine the values

of a function’s parameters that reduce a cost function as far as feasible, and

in this case, it optimizes the similarity between sounds.
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2.6.4 Conclusion

Despite the fact that this process appears to be somewhat limited, as

it only relates to sound texture, it produces great results for its limited scope.

It is possible to see that it obtains great degrees of resemblance between the

pretended sound and the result in the reference studies (McDermott, Oxen-

ham, and Simoncelli, 2009; McDermott and Simoncelli, 2011; McDermott,

Schemitsch, and Simoncelli, 2013).

From all the marginal moments to all three types of correlations or

even the iterative nature of the process, this approach has a multitude of

variables, independent or semi-independent that make it promising to be

examined in a parametrized fashion. It will be detailed in following chapters

how this approach will be dismantled in order to fit a be test as an expressive

synthesis method.
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Chapter 3

Literature Review

The introduction of electrical devices in music allowed for more exper-

imentation sound in music. In contrast to conventional instruments, which

have not altered much in centuries of years, electronic instruments, such as

synthesizers, have evolved virtually continually throughout recent history.

With today’s easy access to synthesizers, interest in them is at an all-

time high: the vast possibilities of these creative sonic tools have become an

integral part of mainstream and underground art creation.

3.1 Brief History of Synthesizers

Synthesizers generates sound from electronic hardware or digital cir-

cuitry without the aid of any vibration of mechanical nature.

The advent of the vacuum tube amplifier in the early 1990s brought

with it the creation of plethra of electronic instruments. The telharmonium,

an early electrical organ developed by Thaddeus Cahill in 1896 and dis-

played in the photo 3.1, is commonly credited with being the first synthe-

sizer.

Synthesizers began to take on the shape of the instruments we know



32 Chapter 3. Literature Review

FIGURE 3.1: Teleharmonium

today in the 1950s. The RCA’s Mark II, depicted in photo 3.2, was the first

electronic sound production system with automated oscillators and modules

attached to it, and was constructed and finished in 1957 by engineers Herbert

Belar and Harry Olson.

FIGURE 3.2: RCA’s Mark II

Synthesizers gained popularity in the 1960s. The transistor, which

eventually replaced vacuum tubes, was certainly a significant component in
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the development of commercial synthesizers. Harold Bode, a German engi-

neer, developed a modular concept synthesizer utilizing transistors, in which

different pieces could be combined to form sounds. The idea was taken up

by American engineer Robert Moog (shown in picture 3.3) and experimental

composer Herbert Deutsch, who developed the first commercial synthesizer,

the Moog Modular Synthesizer.

FIGURE 3.3: Bob Moog

Synthesizers began to embrace the new digital revolution in the late

1970s, with the arrival of the microprocessor. Digital synthesizers use digi-

tal signal processing techniques to simulate analogue sounds, as opposed to

analogue synthesizers, which make music using true analogue equipment.

This made synthesizers more accessible to the general public, and it was at

this point that they began to play a larger part in the music industry, being at

the forefront of then-new music genres such as disco and new wave.

Software synthesizers are becoming pretty prevalent. They make full

use of computer capabilities to synthesize digital audio thought software,

allowing them to perform tasks that formerly needed specialist hardware.
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3.2 Early Methods of Sound Synthesis

Robert Moog’s and Donald Buchla’s discoveries in the 1960s radically

changed the sonic landscape. With one being from the east coast and other

the west, respectively, their synthesizers created two distinct frameworks for

the philosophical and technological growth that are seen in present synthe-

sizer theory.

The East Coast technique focused efficiency and pragmatism, centered

on the standard concept of subtractive synthesis, while the West Coast was

focused on non-traditional and experimental ideas of manipulating recorded

sounds, embracing the use of additive synthesis, wave shaping and frequency

modulation synthesis (Tony J. Rivas, 2016).

3.2.1 Subtractive Synthesis

As the name implies, subtractive synthesis generates new sounds by

removing unwanted information. This approach starts with rich sound sources

like noise and pulse waveforms, and then removes the unwanted spectral

content to produce the output signal.

The most frequent way architecture in early analog synthesizers fol-

lowed an oscillator-filter-amplifier design, and it is still employed in many

current digital synthesizers.

The technique is commonly made up of the following modules, as

seen in figure 3.4:

• Oscillators create a signal from a selected waveform, which is generally

spectrally rich and has a wide dynamic and frequency range.
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FIGURE 3.4: Subtractive Synthesis Architecture. From The Fun-
damentals of Subtractive Synthesis. 2018

• Filters are used to selectively eliminate information from the frequency

spectrum, which is where subtraction happens.

• The term Amplifier refers to the device used to adjust the level of sound.

Envelopes with a controlled attack, decay, sustain, and release can like-

wise be used to alter the sound in this case.

In the East Coast approach, these synthesizers were usually paired

with ADSR envelopes, which control certain aspects of each signal’s tran-

sience, such as the attack, decay, sustain, and release.

The West Coast method employed filters in a unique manner. Instead

of filters to eliminate information, it employed waveshapers, which were de-

vices that used mathematical functions to change the shape of the waveform.

It also embraced the use of low pass filters, which worked as amplifiers.

3.2.2 Additive Synthesis

The earliest kind of synthesis, additive synthesis, creates sound by lay-

ering simple waveforms together to create a more complex timbre. Because

the component waves are usually basic, such as sinusoidal, it is a simple ap-

proach that may be modulated with a simple equation:

s(t) =
N

∑
i=1

Ai(t)sin(ϕi(t)) (3.1)
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The output signal is s(t), the instantaneous amplitude is A(t), the in-

stant phase is ϕi(t), and the total number of oscillators is N. The primary

disadvantage of this technology is that it requires a large number of synthe-

sizers to provide complex enough sounds.

3.2.3 Frequency Modulation Synthesis

Frequency modulation synthesis employs a modulator on a carrier

wave, which, as the name indicates, changes the frequency of the input sound.

By quickly raising or reducing the carrier wave frequency, additional fre-

quencies, called side-band frequencies, develop that are not part of the orig-

inal oscillators.

FM(t) = Acsin(2π fc(t)−
∆ f
fm

cos(2π fm(t))) (3.2)

Where Ac and fc are the amplitude and frequency of the carrier wave,

respectively, and fm is the modulator’s frequency.

3.3 Sound Texture Synthesis Methods

The use of oscillators, synthesizers, and other analogue hardware as

conventional tools for electronic music composers is fast being replaced by

the use of digital approaches for producing electronic sounds. Digital cir-

cuitry and programming are not only more adaptable and accurate, but they

are also much less expensive.

While conventional analogue approaches progressed and were even-

tually transferred to a digital approach, and then to computer software, the

introduction of this means also allowed for the birth of previously unattain-

able synthesis methods.
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There have been several earlier efforts on the subject of synthesizing

sound textures (Schwarz, 2011). Here, they are divided into three groups in

this groups: physical-model synthesis, wavelet synthesis, and granular/corpus-

based synthesis.

3.3.1 Physical-Model Synthesis

Most synthesizers take a signal-based approach to sound reproduc-

tion, meaning they aim to recreate the output signal, with no regard for the

behaviour of the acoustic event itself.

Picking a string on a guitar, for example, might produce varying re-

sults depending on whether the stroke occurred on a fixed or already moving

string, closer or farther away from the neck, or the angle of contact between

the pick and the string.

These techniques examine the physical processes that resulted in the

sound texture and then use the results as a starting point for developing al-

gorithms (Bilbao, 2009), thus, it is possible to analyse the physical process of

a certain type of sound texture to then build high-fidelity synthesis.

The ability to generate sound textures in real time has now been achieved

by the most recent synthesis models. Siegfried (Selfridge, Moffat, and Reiss,

2017a) constructed a real time physical model in which the geometries of

the propeller involved are employed in sound synthesis, and he also built a

model for the same effect but for the development of aeroacoustic sound ef-

fects, such as swings (Selfridge, Moffat, Avital, et al., 2018). Lui (Liu, Cheng,

and Tong, 2019) presented a physically-based statistical simulation method

for synthesizing realistic rain sound, which divides the sound into two phases,

the initial impact and subsequent pulsation, to generate sound textures based

on a specially constructed signal decomposition and reconstruction model.
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Hsu (Hsu, 2019) developed a physically informed, abstract synthesis ap-

proach for real-time parametric synthesis of percussive sounds via loopback

frequency modulation

Finite-Difference Time Domain techniques are used in some of the

most exact physical models (Bilbao et al., 2019). The limitation that this kind

of models is that they are highly specialized for a certain sound, thus a model

must be created for each type of sounds to be synthesized.

Although automatic parameter estimation approaches have been es-

tablished, some methods have also lately contemplated or exploited the ben-

efits of supervised convolutional machine learning to enhance the outcomes

(Gabrielli et al., 2017; Gan et al., 2020; Françoise, Schnell, and Bevilacqua,

2013; Hawley, Chatziiannou, and Morrison, 2020).

3.3.2 Wavelet Synthesis

Signals commonly show slowly fluctuating osculations that are punc-

tuated by transients. This rapid transition is typically the most important

element of data, specially perceptually.

An extra approach was required to be added to the conventional FFT

decomposition of the signal, as it does not completely reflect sudden changes

due to the representation of a mixture of sine wave functions that do not

localize them in time and space. As a result, wavelets were introduced,

which are quickly decaying oscillations with zero mean that persist for a

short time. This is the preferred approach for current synthesis of time-

dependent sounds such as speech (Kronland-Martinet, 1988; Koguchi and

Sagayama, 2018; Al-Radhi et al., 2021; Salah Al-Radhi et al., 2021).

They are used to decompose a signal into a wavelet coefficient tree,

which is then resampled by changing the order of the pathways along the

tree structure. The inverse wavelet transform is then used by each route to
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resynthesise a small bit of signal.

With the proper parameter set, synthesizers can produce environmen-

tal sound textures from a small set of simple sounds. Bruna (Bruna and Mal-

lat, 2011) proposed a novel wavelet technique that improves texture parametriza-

tion while collecting high-order statistics while Kersten (Kersten, Purwins, et

al., 2012) research intended to re-create the sound of fire crackling.

These techniques are inspired by computer vision methods, namely

texture analysis, and they attempt to characterize temporal and hierarchi-

cal connections between different levels of the multi-level tree representa-

tion they utilize (Morala-Argüello, Barreiro, and Alegre, 2012). The statistical

method described in the previous chapter is also inspired by the connection

between computer vision analysis and sound texture generation. More re-

cently, Lostanlen (Lostanlen and Hecker, 2019) developed a category of au-

dio transformations stated in the domain of time–frequency scattering coef-

ficients, an approach converges wavelets and deep convolutional networks.

In fact, recent approaches been using deep convolutional networks

for signal classification to improve wavelet functionality such as introducing

control over perceptual parameters such as roughness or vibration (Lostanlen

and Mallat, 2016; Lostanlen and Hecker, 2019), generate new sounds from a

database (Narváez and Percybrooks, 2020; Babaei and Geranmayeh, 2009)

and even for sound qualification (Qian et al., 2019).

3.3.3 Granular and Corpus Based Synthesis

Granular synthesis is a method of processing audio via granulation,

which involves splitting the original signal into small slices of audio rang-

ing from one to one hundred milliseconds (Roads, 2004). These grains can

then be played in a different sequence from the original, superimposing on

each other to create sound textures. This method can be supplemented with
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statistical analysis to reduce repetition.

Frojd (Fröjd and Horner, 2009) used many sound snippets clipped

from and original sound texture then reorganized and cross-faded them into

a new one. Fascinani (Fasciani, 2018) employed a method in which sound

grains are processed in the frequency domain and merged at the spectral

level, contributing to sound synthesis solely with their magnitude spectrum.

Schwarz (2004) presented a descriptor-driven, corpus-based approach

to sound texture synthesizing. Corpus-based synthesis may be thought of as

a progression of granular synthesis. It allows the construction of slice of au-

dio by traversing through a space where each one is put according to its sonic

character in terms of audio descriptors, such as loudness, sharpness, rough-

ness or any high level- meta-data ascribed to them. He afterwards (Schwarz

and Schnell, 2010) also presented a technique for modelling the descriptors

that employs a histogram and a Gaussian mixture model. In a more recent

method, Bitton (2020) combined generative neural networks with granular

synthesis by replacing the audio descriptor basis with a probabilistic latent

space learnt with a Variational Auto-Encoder.

3.3.4 Deep Learning

As can be observed from the previously described methods, the major-

ity of cutting-edge approaches employ some form of machine or deep learn-

ing method to supplement or build new methods.

Machine learning is a branch of artificial intelligence and computer

science that focuses on using data and algorithms to mimic how people learn,

progressively improving its accuracy. Deep Learning is an subset of ma-

chine learning dealing with artificial neural networks, which are algorithms

inspired by the structure and function of the brain.

Although Arthur Samuel coined the term machine learning in back
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in 1959, there has been a resurgence in interest in deep learning. Although it

originally gained popularity in image processing (Purwins et al., 2019), it was

then applied to audio owing to its success in voice recognition (Hinton et al.,

2012) and audio synthesis. Modern deep learning employ various strategies

depending on the wanted results, mostly deep feed forward neural networks,

convolutional neural networks, and long short-term memory.

Some methods focus on expanding these new concepts in use (Tian,

Xu, and D. Li, 2019; Huzaifah and Wyse, 2020), such as Antognini (2019)’s

introduction of two new names for techniques in neural networks based on

matching the Gram matrix of feature activations in order to keep rhythm and

uniqueness in the sounds created. For speech texture synthesis, Chorowski

(2018) developed a proof-of-concept method based on an approximation in-

version of the representation learnt by a speech recognition neural network

and neuron activation statistics matching.

Others methods concentrate on incorporating these trends into tried-

and-true methods, like the ones mentioned previously(Gan et al., 2020; Haw-

ley, Chatziiannou, and Morrison, 2020; Lostanlen and Hecker, 2019; Lostanlen

and Mallat, 2016; Narváez and Percybrooks, 2020; Babaei and Geranmayeh,

2009; Bitton, Esling, and Harada, 2020). In order to improve on McDer-

mott’s method, Carcalla used convolutional neural networks on compressed

real-imaginary spectrograms, improving results (Caracalla and Roebel, 2019;

Caracalla and Roebel, 2020).

With the significant advances in concurrent research of deep produced

visual textures, and there is some cross compatibility it and audio texture

synthesis (Md Shahrin and Wyse, 2020). The notion of style transfer to audio

was the most recent resurrection from this compatibility. In images, the goal

was to transfer the "style" of one image, like the post-impressionist style of

a Van Gohg’s painting, to another image, such as a photograph. The same
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is being attempted in audio, with the goal of transferring whatever charac-

terizes style in an audio, such as the evolution of spectral density in time,

transient cadence or psychoacoustic metris, to another (Grinstein et al., 2018;

Verma and J. O. Smith, 2018; Tomczak, Southall, and Hockman, 2018; Lin,

n.d.). Notably, this approach differs from most other deep learning methods

in that,due to its inherent nature, it pays special attention to the expressive

aspects of its results.

Although most deep learning approaches produce the some of great-

est results for audio synthesis in general, they have a disadvantage when it

comes to artistic and creative applications. Their neural network functions

are in practice "black boxes", in which high-level behaviour emerges from

the intricate interactions of hundreds or millions of tiny computational units

rather than being explicitly programmed (Wyse, 2019; J. Smith and Freeman,

2021), and this lost of control over the basic control over the creative process

is not ideal to optimal levels of creativity (Kaufman and Sternberg, 2010).

3.4 Conclusion

Josh Mcdermott’s statistical synthesis method (McDermott, Oxenham,

and Simoncelli, 2009) is inspired by several of the approaches discussed above.

Because statistical analysis is used to noise filtering, it uses a subtractive

method as its foundation. It has remarkable resemblance to various wavelet

approaches because to its closeness to computer vision methods and use of

specific statistical mathematical analyses such as autocorrelations. Although

it is not a physical model, it is a model-based method to sound synthesis

in that it uses theoretical textures to construct the model. As previously in-

dicated, more recent research use a deep learning strategy to enhance the

method, however this is not suitable for a study of the system’s expressive

character.
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As a result, it is crucial to understand the parallel studies and where

they shine and where they stumble. The comparable model-based approach,

for example, makes it a reliable method for sound texture generation, but it

also limits its applicability to anything outside the model’s parameters.

There was also no research done on the method’s expressive potential.

As a result, there is no clear path to follow in order to ensure the study’s

success. In fact, the development of a guideline for an expressive method is

considered part of the research and hence part of the conversation.
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Chapter 4

Methodology

The fundamental purpose of this dissertation, as stated in the intro-

duction, was to analyse the possible expressive applications of McDermott’s

statistical sound texture synthesis method, highlighting their strengths and

limitations. The study attempted to postulate the following applications:

• Use this synthesis method to create an instrument synthesizer. If the

technique could capture the timbre of the instrument regardless of pitch

or rhythm, it could be employed as a tool for expressive synthesis.

• Examine this method’s capacity to gradually morph an instrumental

sound into a sound texture. If this were conceivable, with the statistical

methodology of forcing certain variables into sounds, it would be pos-

sible to assess how the process transfers sound characteristics from one

sound to another and whether they can be selected.

The chapter will begin with an introduction to the research philoso-

phy, followed by a detailed discussion of the study design, including data

preparation, method parametrization, and the approach utilized to answer

to both postulates. It also discusses the method’s shortcomings towards the

end.

The code that was used to run the tests, as well as some representative

results, may be found at the following link.

https://drive.google.com/drive/folders/1sc-JSTdtMFRgJH7uID6_pYes1c_A97ek?usp=sharing
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4.1 Research Philosophy

A duality in the nature of this investigation must first be acknowl-

edged. The goal of this study was to look at the expressive application, which

is at least partially qualitative in character, of a natural synthesis technique,

which is primarily a quantitative approach to sound synthesis.

Due to the general underlying subjective character of the study’s ap-

plication, taking a completely objective look at data without regard for the

observer’s interpretation would have been a reductive take on the results.

As a consequence, a positivist approach with interventionist considerations

was used, i.e., the methodology constructed mainly to attempted to test the

objective metrics that could be extracted while also taking into account there

is a subsequent subjective interpretations on the results.

For this objective, a deductive experimental technique was employed.

Starting with a control sample, a set of tests were performed in order to

provide a comparison for subsequent outcomes. The high number of the

method’s inputs allowed for manipulation of a specific variable or collection

of factors, and the resulting results were compared with the control group,

allowing for the testing of causality between those variables. To complement

the subjective nature of the results, the objective data will be a presented with

a individual subjective comments.

4.2 Research Design

The first step in testing the technique was to get access to the method

itself. Fortunately, it is publicly available on the website of the Massachusetts

Institute of Technology (McDermott, Josh, 2013). The code is written in MAT-

LAB and comprises the whole process of the synthesis technique, as well as

the ability to adjust the various parameters. Additional controller scripts
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were written that did not interfere with the synthesis process but made the

desired parametrization more accessible for this tests.

The synthesis method with revised naming for the sake of clarity is

shown in figure 4.1.

FIGURE 4.1: Synthesis process with revised naming.

For sake of clarity, this following terms are going to be used to distin-

guish between the input sound of the method:

• The Morpher, the input sound texture used to collect statistical data for

imposing on the Canvas (shown in green in the image 4.1);

• The Canvas, in input sound that is utilized for the statistical data that

is gathered and to be imposed on (shown in blue in the image 4.1);

To test the method, there was a need to have control over the following

variables:
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• Both input sounds, Canvas and Morpher. This would offer a straight-

forward way to test the instrument synthesizer hypothesis by using in-

struments samples as Morphers, as well as test how the method oper-

ates with the instrument as Canvas, to test the hypothesis of the incre-

mental morphing expressive synthesis approach;

• The mathematical variables of the statistical synthesis process, i.e. all

marginal moments and correlations. While control over them is not

strictly essential for the instrument synthesizer, it is necessary to eval-

uate how each variable effects the sound by forcing or skipping the

statistical imposition process while employing incremental morphing

expressive synthesis (in red in the image 4.1);

• The number of iterations, in order to figure out how control one has

over the transformation process over each iteration cycle (in red in the

image 4.1).

Finally, being able to choose both the input sound and the metrics that

are enforced, as well as the number of iterations, would provide the required

tools for testing the desired applications of these tests. Since the Morpher

sound is always the desired outcome in this procedure, the output file can

also be rated using the signal to noise ratio (SNR) calculation, which is the

metric used on the original studies as well. SNR is a scientific statistic that

compares the level of a desired signal to the level of undesirable sound; the

higher the SNR, the closer the output signal is to the Morpher sound. SNR

may be applied to each parameter separately to observe how they all add up

to the eventual outcome. It can be summarized in the following equation:

SNR =
PSignal

PNoise
(4.1)

Where PSignal is the power of the desired signal and PNoise the unde-

sired signal’s power. In this study, it was calculated as the ratio of a statistic
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class’s squared error (summed across all statistics in the class), to the sum of

that class’s squared statistic values (McDermott and Simoncelli, 2011).

This measure can also be supplemented by a subjective sound inter-

pretation. Although it was effective in the initial technique, since the tests are

expanding the use of this method, it may or may not be adequate, hence sub-

jective recognizability assessments should be supplied. When deconstruct-

ing the process, subjective perceptions like catching the turbulence of a sound

may not be adequately reflected in the SNR score, therefore recognizability

may not be the only potential good conclusion from the testing. This evalua-

tion will be done by the writer and complemented when relevant.

It should be noted that the tests conducted used the most recent state

of the synthesis process, which inherited all the previously outlined accom-

plishment possibilities as well as any potential existing limitations. The ex-

periments were designed to investigate the possibilities and potential uses,

not necessarily to improve on it, however conjecture about the findings and

future applications will be discussed in further chapters. For a detailed in-

formation of the process, there is a detailed description on chapter 2.

4.2.1 Data Preparation

In order to use other sounds as inputs on the method, it was first nec-

essary to define the method’s bounds in order to guide the tests into its pow-

erful suites. Since the technique works, by definition, with sound texture,

it should be concerned with more time-redundant or atemporal features of

the sounds rather than relevant time-related phenomena such as onsets and

transients.

As a result, before starting with the synthesis testing, it was necessary

to confirm that the sound sources used for the instruments satisfy the idea of

sound texture as close as possible. The recordings of each instrument were
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adjusted to maintain temporal homogeneity by removing time-related occur-

rences and compressing, stitching, and fading the original sound to make it

constant in time as possible, as seen in the figure 4.2.

FIGURE 4.2: Before and after of the waveform of the piano sam-
ple used.

As for the selected instrument samples used, a theremin, a violin, a

guitar, a piano, and a saxophone were chosen in order to provide recogniz-

able timbres from a variety of sources. The theremin has a clear, crystalline

tone in comparison to most other instruments, while the remaining selec-

tions provide a wide yet familiar variety of complex tones, switching be-

tween wind and string instruments, single and multiple note instruments.

4.2.2 Parametrization

This synthesis method, as mentioned in the previous chapter, is com-

plex and includes several variables that can be accounted for; as such, it was

important to focus on the most notorious and plausible variables that might

greatly influence the result.

Because this process is iterative, one of the key considerations was to

manage the number of iterations in each experiment, with the idea that man-

aging the number of iterations would result in a sound with characteristics

that were intermediate between the Morpher and the Canvas.

Another important aspect would be deciding which statistical mea-

surements would be applied to the final result. For example, theoretically
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the correlation indicators are known to aim to preserve specific statistical re-

lationships inside the sounds, such as C2 preserving the sharp onsets and/or

offsets on sounds, which means that deciding whether to impose or not may

also grant or deny that specific characteristic on the final result (McDermott

and Simoncelli, 2011). This would also allow for a more accurate understand-

ing of the impact of each statistical moment, M, which may not be obvious

at first glance.

The table 4.1 shows an overview of the parameters and variables that

were controlled and adjusted between tests, and the way they were orga-

nized.

Parameters
Canvas

Morpher
Max number of iterations

Statistical metrics impositions

TABLE 4.1: Base table for with overview of parameters

"Statistical metrics" refers to the collection of statistical variables (mo-

ments, correlations) used in the synthesis technique; for example, if mean is

the only one employed, it is the only one used from the Morpher sound that

is forced on the morphed input, and also the only one used in SNR calcula-

tions.

4.2.3 Control Group Tests

To comprehend the outcomes of this experiment, it was helpful to first

have a general understanding of the data that will be extracted and how

those results appear in the reference conditions, i.e., using the default set-

tings. Using this data set as a reference allows us to evaluate how the SNR

evolves, knowing that the synthesized sound was consistently recognized as
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the original to the extent of the original research McDermott and Simoncelli,

2011 . This stage also served to investigate how the amount of iteration affects

the final outcome and whether any intermediate stages of transformation be-

tween Morpher and Canvas could be achieved. The parameters utilized were

the same as in the previous table, with the exception of changing the number

of iterations to recognize its impact, as indicated in 4.2.

Parameters Inputs
Canvas White noise

Morpher Default sound textures
Max number of iterations 60

Statistical metrics impositions Full set

TABLE 4.2: Control Group Set

White noise was the Canvas used in the original tests since it has a

consistent spectral density across the whole spectrum. The default sound tex-

tures are the samples of sound textures that are provided when the method

is downloaded; they include samples of bubbles, applauses, and pen writ-

ing, which provide a good variety in themselves containing different sound

spectral densities and occurrence and duration of sharp offset. Sixty is also

the default max number of iteration of the method. Full set means that all of

the previously described variables, all correlations and statistical moments,

are taken into account.

4.2.4 Instruments as Morphers

The concept of sound texture, a sound defined by properties that re-

main constant over time, and timbre, the character or quality of a musical

sound or voice as distinct from its pitch and intensity, seem to have some

parallel concepts between them, i.e., the timbre of a musical instrument may
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have distinct statistical distributions over its spectrum that allow us to dif-

ferentiate it from other instruments. If that is the case, there was a possibility

that the synthesis method would be able to synthesizer instrumental timbre

as well, enable the development of an it into a instrument synthesizer tool.

To test this, the instrumental samples refereed in the data prepara-

tion were used as the Morpher’s input while keeping the white noise as the

canvas to be transformed. Because the purpose was to investigate if it was

possible to synthesize instrumental sound, the default maximum number of

iterations was utilized, as well as experiments with more than 60, because

there is yet no evidence that the approach would converge. The full set of

metric impositions was designed to converge as many metrics as possible to

assure the best chance of resemblance between output and intended sound.

The following table 4.5 summarizes the tests, highlighting the differ-

ences with the control group tests.

Parameters Inputs
Canvas White noise

Morpher Selected Instrument Samples
Max number of iterations 60 | Higher

Statistical metrics impositions Full set

TABLE 4.3: First Experiments, introducing the instrument sam-
ple as the Morpher sound.

4.2.5 Instruments as Canvas

The alternative strategy was to use the instrumental sound as the Can-

vas source while preserving the method’s previously established sound tex-

tures as Morphers. In this synthesis method, it is known that the default

sound texture samples can turn white noise into identifiable imitations of

themselves. This implies that the properties that allow us to recognize those
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sounds may be transmitted to the output file. While the instrumental sam-

ples differ statistically from the original canvas, white noise, due to the for-

mer’s preference for certain frequency relationships and the latter’s uniform

distribution over them, there is no clear reason why the approach would

be unable to do so. If it is possible, it would mean that it was successfully

transferring those noticeable characteristics of the sound texture over the in-

strument, allowing for some possible expressive applications.

The following table 4.4 summarizes the tests, highlighting the differ-

ences with the control group tests.

Parameters Inputs
Canvas Selected Instrument Samples

Morpher Default sound textures
Max number of iterations 60

Statistical metrics impositions Full set

TABLE 4.4: First Experiments, introducing the instrument sam-
ple as the Morpher sound.

Since there was the possibility of testing how the process would be-

have with the usage of a subset of statistical metrics, a new set of experiments

were idealized if the first ones were successful. In these, the objective was to

test how each statistical metric influences the final sound, by forcing or by-

passing the imposition of a preselected set of them over the output file. If the

method is able to independently apply them, it allows to see how each metric

influences sound and give greater control over the final product. Thus, the

following alterations were done, shown on table 4.4 summarizes the tests.

Because the most recent tests were based on trial and error, they were

updated when the findings were available, but the general framework re-

mained unchanged.
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Parameters Inputs
Canvas Selected Instrument Samples

Morpher Default sound textures
Max number of iterations 60

Statistical metrics impositions Subset

TABLE 4.5: First Experiments, introducing the instrument sam-
ple as the Morpher sound.

4.3 Limitations

During the planing of this work, there were some compromises that

had to be done.

The data preparation process, which aims to get instrumental sounds

as near to sound textures as feasible, is not a standardized procedure. Be-

cause no strategy for totally isolating the timbre of a note independent of

the transient was discovered during the investigation, this was the way that

seemed to make the most logical sense given the resources available.

There is also only one concrete objective metric for measuring expres-

sive sound properties, and there are no validation procedures for subjective

evaluation of the results. This was a difficult endeavour to do since there

is no clear way to assess expressive character using a synthesis approach,

which resulted in a paucity of extensive research on the subject. The original

study’s validation tests looked for recognizability, which is an objective ob-

servation of the sound, and that portion is already accounted for in the SNR

connection, based on the assumption that the approach can already synthe-

size identifiable sound textures.
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Chapter 5

Results

This chapter presents the findings of the experimental methodological

study that was carried out to address the following research questions:

• Can this method be used, and if so how, as an instrument synthesizer?

• Can this method transform an instrument sound into sound texture in

a controllable manner?

The primary goal of this dissertation was to examine the expressive

applications of McDermott’s statistical sound texture generation approach.

Recalling the previous discussed methodology, an experimental ap-

proach was built, with the ability to modify both the essential input vari-

ables to test: both input sounds, the maximum number of repeats, and the

statistical metrics imposed on the final sound, based on the original synthesis

MATLAB code. The code used to conduct the tests, as well as some typical

results, are available at the following link.

The main analytical success metric employed was SNR, which was

also used in the original study. The original research was selected for these

tests because it met the goal of effectively replicating sound textures utiliz-

ing SNR as an internal variable that was used as a success criterion. This

measurement will be displayed in the form of a graph, with a dedicated val-

ues corresponding to each statistical metric, generally with a correlation with

https://drive.google.com/drive/folders/1sc-JSTdtMFRgJH7uID6_pYes1c_A97ek?usp=sharing
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the number of iterations. There will also be observations using additional

metrics when necessary, such as showing the statistical distribution devel-

opment of specific elements, to better define the synthesis outcome. Only a

selected representative graphs are provided for clarity; more can be found in

the shared folder.

The findings of the control group test will be provided first. This in-

formation can be used to predict how successful testing will turn out. It will

also provide an opportunity to delve further into each measure, with parallel

graphs depicting the evolution of specific statistical metrics to supplement

the single SNR number assigned to each iteration.

The first question tests will be shown in the second section, "Instru-

ments as Mophers," where the instrument synthesizer technique was explored

and the results were compared to the control group.

Finally, the results of the test addressing the second question, the mor-

phing between instrument and sound texture, will be revealed in "Instru-

ments as Canvas."

All of the procedures are described in further detail in the methodol-

ogy section of the preceding chapter.

5.1 Control Set Results

The summary of the inputs for this section are displayed on the fol-

lowing table 5.1:

Let us consider the value 20 dB as a success reference point for this

method, since it is the default threshold value specified in the synthesis method

that terminates the procedure once it is reached. All specified measures

should have an associated SNR higher threshold for this to happen. While
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Parameters Inputs
Canvas White noise

Morpher Default sound textures
Max number of iterations 60

Statistical metrics impositions Full set

TABLE 5.1: Controll Group Set

the greater the value, the better, the default threshold value has shown to be

sufficient for determining if the sound texture strategy worked; nonetheless,

a subjective evaluation of the output file is always necessary, as this hypo-

thetical limit may not be applicable to all other sounds.

With enough iteration, all of the synthesized sounds utilizing refer-

ence files converged, having a signal-to-noise ratio higher than 20. When

charting the evolution of the SNR of each parameter with the number for

each consecutive iteration, we may observe certain patterns, as shown in the

image 5.1.

FIGURE 5.1: Plot illustrating the evolution
of each parameter’s SNR values, with statis-
tical moments at the top and correlation fac-

tors below.

As can be seen, the first it-

eration has a considerable impact

on the SRN value for some statis-

tical measures, namely statistical

moments, which rapidly increase

their value in few iterations, while

the correlation measurements, on

the other hand, often take more

repetition increase the similarity.

The latter is shown when plotting

the correlation and the modula-

tion power, a measure that cap-

tures envelope correlations of the

modulation bands through time, a may be seen in the figure 5.2. The origi-

nal sound’s statistics are represented in blue, whereas the synthesized sound
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is represented in red. As can be seen, the red graphs become increasingly

identical as the iterations progress.

(A) Envelope correlation for 1, 5, 10 and 60 iterations, from left to right respectively.

(B) Modulation Power for 1, 5, 10 and 60 iterations, from left to right respectively.

FIGURE 5.2: Plot of envelop correlation and modulation power
with various amounts of iterations.

This is in contrast to the evolution of statistical moments while plot-

ting the envelope histogram, as seen in figure 5.3. Despite the fact that the

synthesized sound becomes increasingly close to the original, the first itera-

tion’s histogram already indicates a degree of similarity in shape, which is

directly related to the statistical moments, as discussed in section 3.2 of this

document.

FIGURE 5.3: From left to right, histogram comparing the origi-
nal and synthesised sound for 1, 5, 10, and 60 iterations, respec-

tively.
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5.2 Instruments as Morpher

The first experiments were performed by incorporating the instru-

ments as Morpher sounds while keeping all other parameters the same as

those used in the reference data set, as shown in the table 5.2

Parameters Inputs
Canvas White noise

Morpher Selected Instrument Samples
Max number of iterations 60

Statistical metrics impositions Full set

TABLE 5.2: First Experiments, introducing the instrument sam-
ple as the Morpher sound.

The ideal outcome would have been for the synthetic sounds to have

converging SNR results, similar to the reference data values previously shown.

This was not observed, and all of the data from the instrument was

replicated inaccurately. This may be shown in figure 5.4 by comparing the

SNR evolution while using the violin and theremin samples as the Morphers

sound with the values from the control group set.

FIGURE 5.4: SNR vs number of iteration for the violin, on the
left, and theremin, on the right.
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While the SNR for statistical moments has a similar beginning be-

haviour, i.e., shown the strongest growth in the first iteration. Some mo-

ments, such as mean and skewness, even reach comparable values while

other metrics, like variance, commonly had much lower values than the ref-

erence counterpart.

It could be hypothesised that, given enough repeats, the SNR will fi-

nally attain a value similar to the reference. However, the variance SNR does

not achieve a reasonable value when employing a higher number of itera-

tions, as demonstrated in the figure 5.5 which followed the tests from table

5.3, which represents the evolution of SNR for 240 iterations.

Parameters Inputs
Canvas White Noise

Morpher Selected Instrument Samples
Max number of iterations 240

Statistical metrics impositions Full set

TABLE 5.3: Test overview with increased number of iterations.

FIGURE 5.5: Plot illustrating the evolution of each parameter’s
SNR values for the piano sample, up to 240 iterations
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To investigate if alterations on the Canvas and Morpher for this method

would significantly generate better results, two further tests with slight alter-

ations were be performed:

• Changing the Canvas sound: Since the initial studies employed white

noise as the source, which compliments the spectral dispersion of the

sound textures, sounds more resembling instruments could produce

better outcomes.;

• Changing the Morpher sounds: providing the synthesis process an in-

strumental sound that covers and fills the spectral density more uni-

formly may produce better results;

A further discussion on the selection of this tests is presented on the

discussion chapter.

Changing the Canvas

Since the instruments used for the samples play a single note, for ex-

ample, C4 for the theremin and D5 for the piano and violin samples, those

fundamental frequencies were used as inputs. As a result, the choice was to

use a sound file with simply a sinusoidal frequency, 261.63 and 587.33 Hz,

respectively, while keeping all other parameters the same as in the previous

test, as shown in the table 5.4.

Parameters Inputs
Canvas Fixed Sinusoidal Frequency /

Selected Instrument Samples
Morpher Selected Instrument Samples

Max number of iterations 60
Statistical metrics impositions Full set

TABLE 5.4: Tests further alternatives of the Morpher source on
the instrument synthesizer tests.
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All of the experiments, however, yielded similar results to the preced-

ing ones. The synthetic sounds did not resemble the intended ones. This

is demonstrated when visualizing the SRN data, as shown in the figure 5.6,

which shows the results for synthesizing the piano sample with the D5 sinu-

soidal as its canvas. Even the theremin sample, which timbre is closer to the

pure frequency, did not give satisfactory results.

FIGURE 5.6: SNR evolution with each iteration for the piano
sample as Morpher and pure sinusoidal as canvas.

FIGURE 5.7: Results of synthesizing a pi-
ano sample from violin sample with the

same base note

Considering a different "frequency-

focused" sound would be interest-

ing in order to have a more robust

answer on the potential properties

of the input morphed sound for the

synthesis of instruments, since the

problem with using pure frequencies

could stem from the lack of spectral

distribution on the morphed source.

As such, the violin and piano sam-

ples, which that have the same root

note, were combined. However, the
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results are similar to those obtained earlier, with the sound generated being

substantially different from the original, but also, as seen in image 5.7, with

SNRs for moments and correlation factors not being high enough.

Changing the Morpher

These tests investigated the procedure by imposing an even spectral

distribution on the instrument samples. Two strategies were employed to

put this to the test, using the following alterations on the piano sample:

• Make a single sample out of all piano notes performed at the same time

and sustained for the entire period;

• Create a sample that is made up of multiple rapid and short piano sam-

ple notes that are played in a random order;

FIGURE 5.8: SNR evolution with each it-
eration while using an altered piano sam-

ple

Although the findings were

not as positive as those from the ref-

erence sound source, both demon-

strated a substantial improvement

when compared to the original pi-

ano sample, with SNR values for sta-

tistical moments and correlation be-

ing significantly closer to the values

from the reference sound source, as

shown in figure 5.8. It is also feasi-

ble to identify some similarity of the

tonality qualities of each one by lis-

tening to them, even though they were not competitively recreated and are

not indistinguishable from the original files.
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5.3 Instruments as Canvas

This section shows the results from utilizing the instrument samples as

a canvas template to imprint the sound qualities from the already established

sound textures, as shown in table 5.5.

Parameters Inputs
Canvas Selected Instrument Samples

Morpher Default sound textures
Max number of iterations 60

Statistical metrics impositions Full set

TABLE 5.5: Changing the Canvas Source on the instrument syn-
thesizer tests.

FIGURE 5.9: SNR evolution using an instru-
ment sample as the Canvas source.

The first test aimed to ex-

pose the instrument recordings

to the entire transformation into

sound textures, using a complete

set of statistical metrics and sev-

eral iterations, to determine if the

Morpher sound could be repli-

cated in this manner. This time,

the sounds were completely repli-

cated using this method, with

SNRs for all metrics exceeding the

20dB threshold and recreating the

recognizable properties of the Morpher sound, as can be seen in figure 5.9.

This raises the question of whether there are any discernible qualities

from the morpher sound that are applied with each unique statistical metric.

For this, a new set of tests were performed, following what is describable in

table 5.6.
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Parameters Inputs
Canvas Selected Instrument Samples

Morpher Default sound textures
Max number of iterations 60

Statistical metrics impositions SubSet

TABLE 5.6: Overview on the reduced number of statistical met-
rics impositions.

5.3.1 Marginal Moments

Mean

FIGURE 5.10: SNR evolution with iter-
ations when only mean is imposed

Since the statistical mean only in-

dicates the average value for a specific

frequency channel, it primarily reflects

the channel’s average sound power. As

a result, when this measure is consid-

ered separately, the only difference in

the result file is mostly a potential in-

crease in sound power.

As a result, converging mean

values is a relatively fast process,

achieving high SNR values with few it-

erations while also interfering slightly with other statistics, mostly the other

moments, as shown in figure 5.10, but this could simply be the result of

adding a spectrum filled noise to a frequency dedicated sound while attempt-

ing to converge to a less frequency focused sound.
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Variance, Skewness and Kurtosis

FIGURE 5.11: SNR evolution
with iterations when only vari-
ance, skewness and kurtosis are

imposed, respectively

As previously demonstrated, these pa-

rameters captured the breadth, asymmetry,

and existence of a long positive tail on the

histogram of a certain frequency channel.

These moments indicates the pace at which

the envelopes fluctuate, allowing us to dis-

tinguish between quickly and slowly modu-

lated sounds.

Moments are theoretically not inde-

pendent, but in the scope of this tests, apply-

ing the imposition on single moments barely

altered the SNR value of the ones that were

not selected. As it is demonstrated by graphs

5.10 and 5.11, even if barely, the lower the

rank of the statistical moment individually

imposed, the greater the effect it has on other

succeeding moments.

All the moments were able to reach

the threshold with few iterations, usually

fewer than the ones needed when trying to

converge all at once. They also showed

to have distinct yet recognizable results be-

tween each other.
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5.3.2 Cochlear and Modulation Cor-

relations

Cochlear correlations (C) may discern relationships between different

cochlear bands. They can, for example, discriminate textures with broad-

band events that activate multiple channels at once, such as hitting drums,

from those that create nearly independent channel responses, such as the pre-

viously mentioned water, allowing to capture dependencies over time and

frequency.

This correlation is computed in tandem with modulation correlations:

cross-channel modulation correlations, C1, computed on a specific modu-

lation band of each cochlear channel, allowing to distinguish sound, such as

wave (focused on low modulation-frequency bands) from fire (present across

all bands), and within-channel modulation correlations, C2, allowing to dis-

tinguish sounds with sharp onsets or offsets.

The evolution of the SNR for all tests can be seen in the image 5.12. As

it is possible to see, they tend to have a much higher influence on the other

unselected metrics when compared to the marginal moments.

FIGURE 5.12: SNR evolution with iterations when only
cochlear correlations, cross-channel modulation correlations
and within-channel modulation correlations are imposed, re-

spectively
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Chapter 6

Discussion

The results and findings reported previously are discussed in this chap-

ter.

It is worth to repeat the fundamental purpose of this dissertation. The

aim was to investigate the expressive uses of McDermott’s statistical sound

texture generating method, with the following problems in mind:

• Can this method be used, and if so how, as an instrument synthesizer?

• Can this method transform an instrument sound into sound texture in

a controllable manner?

The answer to the first question is negative, indicating that the method

fails in its direct use as an instrument synthesizer. However, the results of the

tests conducted to answer the second question were much more positive, in-

dicating that the method succeeds as a morpher between instrument sounds

and sound textures.

6.1 Synthesis Method as Instrument Synthesizer

When utilized directly as an instrument synthesizer, the approach failed

in terms of both quantitative statistics, such as SNR, and the recognizability
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of the sounds it created. It is reasonable to say that the instrument’s input

sounds lack the necessary characteristics to be used as Morpher sounds in

this manner.

This disparity may be due to the implied origin of sound textures,

which contrasts sharply with instrument notes since textures are formed through

the superposition of several sound sources, rather than discrete events like

instruments.

While the idea of the similarity between textures and timbre at the

beginning of this chapter may be viable, there is still some differences that

may arise to cause the failure. For example, the superposition of events may

provide additional necessary features for the original sound, most notably a

sufficiently equal distribution of spectral density. The occurrence of various

sound similar yet distinct sound events does not allow for the creation of

clear tonalities in the sound. In contrast, the spectral distribution of instru-

ments is more centred on a few fundamental and complementary frequen-

cies, as shown in figure 6.1.

FIGURE 6.1: FFT of a sound texture, in green, compared to an
instrumental sample, in red.

Two further tests were conducted to test this idea, the first using a

tonal canvas sound source and the second with a morpher sound with a more

uniform spectral density.
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The first , which used pure frequencies and instrument samples that

were comparable to the ones being transformed as canvas, yielded unsatis-

factory results in terms of SNR, as shown in figure 5.6, and recognizability.

This seams to indicate the method does not work well with tonal sounds

as morpher inputs. In reality, when compared to other instruments, highly

tonal samples, such as the theramin and saxophone samples, whose FFT is

displayed in figure 6.2, where the majority of the sound capture was centred

on single or few frequencies, obtained the lowest SNR for variation.

FIGURE 6.2: FFT of a sound texture, in green, compared to an
instrumental sample, saxophone, in red, and theremin, in blue.

The results, on the other hand, appear to improve significantly when

the Morpher sound is made less tonal, as seen in figure 5.8. The adjusted

samples, which produced superior results, are significantly less tonal, as can

be seen in figure 6.3.

The approach fails to recreate pitched noises, as stated in the origi-

nal document (McDermott and Simoncelli, 2011), although it did not try to

replicate altered instrumental samples. The original study does not come to

any firm conclusions, stating that it is not evident that such sounds would

cause synthesis failures because they all have stable spectral and temporal
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FIGURE 6.3: FFT of a the original piano sample, in green, the
altered sample with multiple simultaneous notes, in red, and

multiple non simultaneous notes, in black.

characteristics.

This seems to imply that pitch and the relationship of harmonics on

instrument samples are not capture by the statistical measurements applied

by the method.

This could mean one of two things: either the method is not forcing

the right amount of correlations between harmonic information, such as the

relationship between fundamental and complementary frequencies, that are

far apart in the frequency spectrum, like it is discussed in (Caracalla and

Roebel, 2019); or that the human hearing system uses a mechanism other than

the time-averaged statistical relationships to recognize pitched sounds. This

is a possible study to be performed in the future to gain further information

on the method.

In conclusion, there are clear constraints on the kind of morpher sounds

that may be employed for the approach to succeed, therefore ruling it out as

an instrumental synthesizer in the current state.
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6.2 Synthesis Method as Morpher Synthesizer

The tests that used instrumental recordings as a canvas in the synthe-

sis methods produced good results, both in terms of SNR metrics (as shown

in figure 5.9) and by replicating sounds with recognizable elements from the

required morpher.

Listening to outputs, it is recognizable that an instrument was used as

a canvas, as there is a lingering frequency that is audible even with high num-

ber of iterations, mostly the fundamental frequency from the original file.

However, most of the recognizable features of the sound texture selected as

morpher are also listenable, and the Morpher sound is clearly recognizable,

in contrast to the approaches that attempted to do the inverse conversion.

Since the process is interactive, it gradually transforms one sound into an-

other, allowing to have some control over the amount of Morpher sound that

is placed as canvas.

It came to question if the properties from each statistical entity use,

the statistical moments and correlations, could be isolated and if that would

result in transferring specific properties to the output sound.

6.2.1 Marginal Moments

As discussed in the previous chapters, marginal moments represent

the distribution of amplitudes for individual frequency channels. They are

often theoretically associated with the concept of sparsity, which relates to

systems having few pairwise interactions. As a result, marginal moments

are highly effective in conveying sounds with sparsely dispersed and band

independent acoustic occurrences.

Sounds that met this description in one of the one McDermott studies

(2009) were described as "water-like" sounds, the only sort of sounds that
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sounded realistic when generated only from cochlear moments. As a result,

the bubble sound texture was the one that generated the best results when

only using marginal moments, while the other textures did not produce such

recognizable results.

Mean

The statistical mean mostly represents the channel’s average sound

power because it only displays the average value for a given frequency chan-

nels.

As a consequence, when this moment is imposed individually, the

only variation in the result file is mostly an increase in sound power. Since

it lacks the other statistical relationships, the process works by matching the

sound intensity incrementalist over all the frequency spectrum, as it is pos-

sible to see in figure 6.4. Because the instrumental sample is harmonic rich

compared with the average natural sound texture, this overall adjustment in

all spectrum frequencies results in an overall sound that is "muddled" given

that the relative harmonic information being reduced, while the other fre-

quencies are increased, also giving it a ghastly and windy vibe.

FIGURE 6.4: FFT of the original instrumental sample, on the
left, compared with FFT of the output sample using only the

statistical imposition of the mean, on the right.
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Variance, Skewness and Kurtosis

While using these isolated marginal statistical moments of a higher

order, it is possible to recogniz some distinguishable properties of that sound

texture imposed on the output file. With the increase in the order of the

moment used, the effect that occurred in the use of mean, the "muddliness"

of the sound, seemed to dissipate.

While only imposing variance, there is still some sound power varia-

tion, similar to the use of mean, causing the to have the greatest impact on

the volume modulation of the three sounds. Although it occurs mainly on

in the begging of the sample, thus it is not noticeable on time averaged rep-

resentation, like in the graph 6.5. Using the bubble sample as an example, it

also contributed by transferring some distinguishable aspects to the sound,

resulting in "bigger" occurrences on the sound texture, such as lower-end

bubble explosions and turmoil.

FIGURE 6.5: FFT of the output sample imposing only the vari-
ance, skewness and kurtosis, as indicated.
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When only the skewness was forced, it did not cause as much muddli-

ness of the sound as variance. This time, it appeared that several finer parts

of the sound were captured, in the case of the bubble sample, the first impact

of the bubble rupture as well as the turbulent sense of the sound itself, were

better captured.

Using only kurtosis, the muddliness is mostly gone, it had the least

impact on the instrument sample, on a sound power level. It did, however,

appear to yield a stripped-down version of the bubble sound, not detectable

in any one event but plainly in the tumultuous mood of the original sample’s

moment, with the emergence of "crack"-like noises.

These metrics seem to have continuity between them. The lower the

order, the most effect it has on overall sound power, with the presence of the

"muddle" effect and the presence of more lingering and long events of the

texture, while higher order moments seem to unaffected the instrumental

sample on a broader spectral level, embracing more the small events and

noises of the texture. For practical usage, variance and skewness usually

give the most interesting results, having a good balance between the higher

order and lower order output effects.

6.2.2 Correlations

Recalling, correlations discern relationships between different cochlear

bands, cross-channel and within-channel modulations. This allows the method

to account for certain features in the sounds, such with sharp onsets or off-

sets.

However, in this method these metrics take a supportive role. Them-

selves, without the influence of the alteration to the spectrogram that are

made with the marginal moments, do not have much theoretical weight. As
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such when these statistical metrics are used solely, they do not seem to pro-

vide as many recognizable features from the original sound as the moments

did. In fact, the appearance of unrelated noises was common.

As a result, they should be considered as a complementary metric to

be used in conjunction with the changes made by the marginal moments.

Using this approach, the inherent correlations of non-water like "features"

are more prevalent on the final output.

6.3 Expressive Synthesis Tool

With the results in hand, it is possible to consider how the method

can be used as an expressive synthesis tool and what can be tested in future

works.

Inputs

As a method based on a mathematical model, it has all of the advan-

tages and disadvantages that such approaches have. It is highly specialized,

similar to other model-based synthesis methods, such as physical model ap-

proaches, to be very effective in a narrow scope, with the drawback of having

minimal transferability to things beyond that scope.

The tests performed tried to expand was possible to use of the inputs

of this method, highlighted in the figure 6.6

As the first findings indicate, the sound sources that may be utilized

as morphers are quite limited; the only ones that succeeded were the nat-

ural sound textures that were already evaluated in the original research.

Aside from the superposition of several sounds, an even spectral distribu-

tion seemed to be an important factor from these natural sources. This rules
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FIGURE 6.6: Inputs of the synthesis method.

out using a synthesizer to create any harmonically rich sounds, such as in-

struments.

The second experiments, on the other hand, show that similar restric-

tions do not always apply to the canvas sources that can be employed. This

might be due to the fact that the whole information stored in the canvas file,

including the harmonics relationships in its frequency distribution, is already

available in the early stages of the synthesis process, as opposed to the mor-

pher spectrum information that must be imposed on the canvas. Indeed, the

presence of harmonic information while attempting to synthesize sound tex-

tures from instrument samples, even with a large number of iterations, may

indicate that such harmonic information is not captured by the technique ap-

proach.

Parametrization

Some of the experiments were conducted to see how much control

of the statistical metrics retrieval and enforcing may have on the synthesis

process, highlighted shown in figure 6.7.
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FIGURE 6.7: Statistical metrics retrieval and enforcing stages
highlighted in the synthesis method.

The experiments employing a subset of statistical metrics revealed that

they are, for the most part, substantially independent of one another for prac-

tical purposes: the majority of time measures were able to converge with

minimum impact on the other metrics. This implies that the characteristics

that each brings to the sound may be applied separately.

The experiments revealed that each statistic had controllable, although

abstract, impact on the output sound, rather than any discernible sound qual-

ities that are generally sought for expressive synthesis. This has both ad-

vantages and disadvantages: on the one hand, there is no previous body

of knowledge that can be directly transferred to streamline the usage of this

method, and as a result, there is a great deal of learning to take full advantage

of it; on the other hand, this method appears to bring an original approach to

parametrizing sound features, allowing for future experiments and applica-

tions.

Future Research

Since this is the first attempt to investigate the expressive usage of this

approach, additional study might be conducted to improve the process and
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eliminate the limitations found.

It would be beneficial to be aware of the method’s limits while using

harmonically rich sounds. To begin, some tests could be run to see if the

method can capture such harmonic relationships within the scope of statisti-

cal metrics by expanding the use of new statistical metrics, like for example,

correlations which account for and guarantee the preservation of relation-

ships between different tonal frequencies of sound. If this is shown true,

the entire process might be updated by adding the new statistical measure-

ments, with only minor changes to the remaining process. If not, the process

in its current state could be complemented in parallel synthesis process, a

non statistical modelled method that would safeguard the limitations of the

approach and would be implemented in a symbiotic process to synthesize

the output sound.

It would also be beneficial to investigate the parametrization of this

procedure to its greatest extent. Given that the statistical measures may be

used independently, it is feasible to dig further into each one and investigate

the results of each potential combination of them. This testing might be done

in collaboration with artists who could provide input on the outcomes of

each isolated statistic and their combinations of, with the goal of developing

a terminology are roadmap of the conceivable outputs this technique can

produce. In practice, this may be implemented as a practical synthesis tool

in which each input controls a linear combination of statistical measures that

are applied to the output sound, for example, as a knob in a effects tool that

is associated with a certain term in the terminology developed.

The approach currently has a great limit in terms of its practical utility

due to its use of computer resources. The procedure is rather rapid when

only a few statistical measurements are applied to the output sound, and the

sound is synthesized in a matter of seconds. When a large number of statisti-

cal measurements are applied at simultaneously, however, the process might
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take a long time to synthesize the final product, lasting more than an hour

with enough iterations. Since the output is only listenable once the proce-

dure is complete, the method’s practical potential is severely limited as it is,

and some optimizations would considerably enhance future experiments.
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Chapter 7

Conclusion

This chapter will wrap up the study by summarizing the important

research results in connection to the aims and questions proposed, examine

the study’s limitations as well as its worth and contributions.

In summary, the main objective was to study the possible expressive

application of McDermott’s statistical synthesis method (2011) by investigat-

ing the possible application this this process as an instrumental synthesizer

and a morpher between instrument and sound textures.

For the usage of this method as an instrumental synthesizer, the re-

sults seems indicate that is inept to do such task, mainly due to the processes

apparent inability to retrieve tonal and harmonic relationships in the sounds

in its statistical deconstruction of them.

The outputs in the second test, which employed an instrument sam-

ple as a canvas for a morph with a sound texture, were significantly better,

synthesizing a discernible morph between the inputs. The parametrization

of the procedure was also successfully tested throughout this tests.

The overall goal of this research was to bridge the gap between natural

and expressive synthesis, where there is typically little attempt to integrate

the former’s large body of work with the latter’s. In these studies, a natural

synthesis approach was shown to be feasible and practical for usage as an

expressive synthesis tool, generating unique synthesized outputs not seen in
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other expressive synthesis methods.

This work did not completely explore the expressive potentials of this

approach, allowing the entire set of possibilities to be investigated in the fu-

ture. Future research with better computational resources and greater sample

sizes, both sound patterns and instrument samples, might produce a more

solid set of results and resolve some of the problems raised. The subjective

analysis given was also done alone by the researcher, leading to possible bias

with few counterpoints, however, some objective discoveries were made that

could serve as a springboard for future investigation attempts.

Although the findings cannot be applied to every relationship between

natural and expressive synthesis techniques, they demonstrated that such

approaches can provide favourable results and might be utilized as a model

for future worlds. The findings also indicated that this strategy merits addi-

tional research and refinement for expressive purposes.

In its current state, the synthesis method is already possible to be used

as an expressive tool: since it bring to instrumental sounds unique proper-

ties of sound textures, it can be used an sound effect tool and a morpher.

Although not the most robust method, it as potential in future research ex-

periments, more detailed described in the studies discussion, that could flesh

the method as much less limited synthesis tool that could possible be used

in its on merit or as a complement to the the various tools and effects used

already in expressive sound synthesis.
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