Copyright is owned by the Author of the thesis. Permission is given for
a copy to be downloaded by an individual for the purpose of research and
private study only. The thesis may not be reproduced elsewhere without
the permission of the Author.



—
s
L2
L%

Computational Methods for A
Generalised Acoustics Analysis
Workflow

A Thesis Presented In Partial Fulfilment
of The Requirements for The Degree
of Master of Science in Computer Science

by
Yukio Fukuzawa

Supervisors:
Dr. Matthew Pawley
Prof. Stephen Marsland
Dr. Andrew Gilman

School of Natural and Computational Sciences
Massey University
Albany, New Zealand

February 2022







CONTENTS

1

Overview
1.1 Introduction . . . . . . . . .. ..
1.2 Challenges . . . . . . . . . e
1.2.1 A precise way to segment syllables using both visualisation and sound
playback . . .. ... ...
1.2.2 Syllables needs to be labelled in a flexible way, at different scales . . . .
1.2.3 A method for collaborative work between experts in regards to syllable

classification . . . . . . . . . . ...

1.2.4 A user-friendly software that allows users to easily extend feature ex-

tractioncapability . . . . . . ... . L 8
1.3 Contribution . . . . . ... .. 9
1.4 WhyKoevaswritten . . . . . .. ... ... 9
1.5 Outlineofthethesis. . . . . .. ... ... ... .. ... .. ... 11
Design and functionality of Koe 12
2.1 Introduction . . . . . . ... 12
2.2 Languages, frameworkandlibraries. . . . . . ... ... oo 12
13

221 Koaesawebapp . . ... .. .. . . ...

2.2.2 Datais stored in the backend and can be exported to the end user . . .

2.2.3 Koés backend is implemented in Python to maximise extendability

2.2.4 Libraries . . . . . .. 15

15



2.3 Databasedesign . .. .. .. ... 16

2.3.1 Koésdatabase is designedtobeusercentred . . ... .. ... ... 17
2.4 Front-enddesignandframework . . . . ... ... ... ... L. 20
2.4.1 Koeworkflow . . . . ... .. .. ... 20
2.4.2 Front-enddesign . . ... ... ... ... .. 20
243 Componentsofapage. . . . . . . . . e 22
244 Extendability . . ... ... ... .. 22
2.5 FunctionalitiesoKoe. . . . . . . . ... L 25
2.5.1 Uploadandsegmentrecordings . . . . .. .. ... ......... 25
2.5.2 Extractacoustic featuresfromunits . . . . . . ... ... ... L. 25
253 Classifyunits . . . . .. . ... 26
2.5.3.1 Interactive ordinationplots . . . ... .. ... ... ... 26
253.2  Unittables . ... ... ... ... .. ... . ... 27
2533 Classexemplars. . . . . .. .. ... ... ... ... 28
2.5.3.4 Classificationgranularity . . . . ... ... ........ 28
2.5.3.5 \Validate classification through independent labelling . . . . 28
2.5.4 Analysesequencestructure . . ... ... ... ... .. ... ... 28
2.5.4.1 Filtersongsbysubsequence . . . . .. .. ... ...... 29

2.5.4.2 Discoverand visualise vocal patterns using sequence rule min-

NG . . o e e 29

255 Conclusions . . . . . . ... 30

3 Background 3l
3.1 Basic concepts of Digital Signal Processing(DSP) . . . . . ... .. ... .. 31

3.1.1 Sounds are signals recorded as a function of time, but best represented

as afunction oftime-frequency . . . . . . ... ... ... ..... 31
3.1.2 Analysesoundsintime-frequency . . . . . . ... ... ... .... 32
3.1.2.1  Naive Fourier Transform:themaths . . . . . . ... .. .. 32
3.1.2.2  Fast Fourier Transform: the practical implementation . . . . 33
3.1.2.3  Short-Time Fourier Transform: theusage . . . . . . .. .. 33

3.2 Sound production and perceptionin birds versusinhumans . . . . . .. .. 34



3.2.1 Birds can produce two sounds at once, within a wide range of frequency 34

3.2.2 Bird vocalisations are acoustic signals structured in time and frequency 36

3.2.3 Birds perceive sounds differently fromhuman . . . . . ... ... .. 37
3.3 Computational models based on sound production and perception . . . . .. 38
3.3.1 Model of sound production: the source-filtermodel . . . .. .. ... 38
3.3.2 Model of frequency perception: non-linear filter-bank . . . . . . . .. 39
3.3.3 Model of loudness perception: Equal loudness contour . . . . . . .. 41
3.4 Conclusions . . . . . .. 42
Syllable segmentation 43
4.1 Introduction . . . . . ... 43
4.2 Manualsegmentationifoe . . . . . . ... Lo 44
4.3 Related work for automatic segmentationin birdsongs . . . . ... ... .. 45
4.4 Proceduralalgorithms . . . . . ... . ... ... 48
4.4.1 Endpoint detection in time using energy threshold: Harma method . . 48

4.4.2 Boundarydetectionintime and frequency usingimage processing: Lasseck

method . . . . . .. .. . ... 50
4.5 Heuristicapproaches . . . . . . . . . .. . e 53
4.5.1 Feed-forward Neural Network with fixed sizeinput . . . . . ... .. 54
4.5.2 Recurrent Neural Network with variable sizeinput . . . .. .. ... 54
4.6 Dataandevaluation . . . . .. ... ... ... ... 56
46.1 Data . ... ... . e 56
4.6.2 Evaluation . ... ... .. ... 56
46.3 Results . .. ... . ... 58
4.7 Conclusion . . . . ... 58
Feature representation 63
5.1 Introduction . . . . . . . . .. ... 63
5.2 Acousticfeatures . . . . . . . .. 64
5.2.1 Descriptivefeatures . . . . . . . . . . ... ... 65

5211 Timedomainfeatures. . . . . . . . . . . ... ... ... 65



5.2.1.2 Frequency domain perceptual features . . . . . ... ... 66

5.2.1.3 Use of descriptive featuresinrelatedwork . . . . .. ... 68
5.2.2 Abstractfeatures . . . . ... ... 68
5.2.2.1 Frequency domain physicalfeatures . . . . ... ... ... 68
5.2.2.2 Cepstraldomainfeatures . . . .. .. ... ........ 69
5.2.2.3 Use of abstract featuresinrelatedwork . . . ... ... .. 70
5.3 Featurelength standardisation . . . ... ... ... ... ......... 71
5.3.1 Aggregativemethods . .. ... ... ... .. ........... 73
53.1.1 Summarymethods . .. .. ................ 74
5.3.1.2 Resamplingmethods . .. ... .............. 74
5.3.2 Model-basedmethods . . . . ... ... ... ... ... ... 75
5.4 ImplementationinKoe . . . . . .. ... L e 77
54.1 Userinterface . . . . . . . . .. 77
5.4.2 Koéstaskqueue . . . . . . .. 79
5.4.3 Implementation and expandability . . .. ... ... .. ... ... 79
544 Storage . . . . ... 81
5.4.4.1 Physicalstorage . . . . . . .. . ... ... .. .. 82
5442 Storeandretrievedata . .. ... ... .. ... ..... 83
55 Conclusion . . . .. ... 84
Visualisation and classification 86
6.1 Introduction . . . .. . . . . . . ... 86
6.2 Clusteranalysis . . . . . . . . . . . . e 87
6.2.1 Hierarchicalclustering . . .. ... ... . ... ... ..... 87
6.2.2 Semi-automaticclustering . . .. ... ... ... ... L. 89
6.2.3 Dimensionalityreduction . . . . .. .. ... ... ... ...... 90
6.3 Userinterface . . . . . . . . . . 90
6.3.1 Submitjobs to construct ordination and calculate similarity index . . . 90
6.3.2 Using similarity index to sort syllables inthe unittable . . . ... .. 91
6.3.3 Using ordination for bulk labelling in an interactive cluster visualisation 92
6.4 ImplementationinKoe . . . . .. ... .. .. .. ... .. 94



6.4.1 Constructordination . . . . . . . . . . . . ... 94

6.4.2 Calculatesimilarityindex . . . . .. ... .. ... ......... 95
6.4.3 Collaborativelabelling. . . . . . . ... ... ... ... ... 96
6.5 Case study: Validating classification with independent labelling . . . . . . . . 97
6.6 Conclusions . . . . . . . ... 98
7 Sequence analysis 99
7.1 Introduction . . . . . .. 99
7.2 Syntaxdiscoveryviasequencestructure . . . . . .. ... 100
7.2.1 Manual examination of subsequence viafiltering . . . . . ... ... 101
7.2.2 Automated subsequence discovery usingN-gram . . . . .. ... .. 102
7.2.3 Automated subsequence discovery usingSPADE . . . . . ... ... 103
7.2.4 Analysis via visualisation with network models . . . .. .. ... .. 105
7.3 Implementation . ... ... ... ... 106
7.3.1 SPADE . . . . . e 106
7.3.2 Networks . . . . . . . . e 107
7.4 Case studies: Evaluating song structure inNZ bellbirds . . . . . .. ... .. 108
7.4.1 Using SPADEparameters . . . . . . . .. ... ... ... 109
7.4.2 Usingnetworks . . . . . . . . . 110
7.5 Conclusion . . . . . . 110
8 Conclusions 112
8.1 Keycontributions . . . . . ... 112
8.2 Futurework . . . . . . . . .. 113
8.3 Dataavailability . . . . . ... ... 113
Bibliography 114



LIST OF FIGURES

2.1

2.2
2.3
2.4
2.5
2.6
2.7
2.8

3.1
3.2
3.3
3.4
3.5
3.6

4.1
4.2

4.3
4.4

ER Diagram of the database structure generated by Django from the declared

models . . . .. 17

A simplified ER Diagram oKoés database structure. . . . . . ... ... .. 18
Koés acoustics workflow and its accessibility from the mainapp . . . . . . .. 21
OrganisationofapageikKoe . . . . . . .. .. ... .. ... ....... 22
Other components dfoés mainsection . . . . . .. .. .. ... ...... 23
Koés interactive Ordinationview . . . . . .. . ... ... ... ...... 26
UnittableviewirKoe . . . . . . . . . . . ... ... ... 27
Kodssongslistview . . . . . . . . . . .. 29
Waveform of atypicalbirdsong . . . . .. .. .. ... ... ........ 32
[@ bird’s syrinx and some complex soundsitcreates . . .. .. .. ... .. 35
Multiple level structure of a birdsong revealed by a spectrogram . . . . . . . . 37
@ source-filtermodel . . . . ... ... 39
Meland Barkfilterbanks . . . . . .. .. ... .. ... ... o 40
Equal-loudness-contours . . . . . . ... ... 41
Koe€s syllable segmentation and adjustments . . . . . .. .. .. ... ... 45

Spectrogram and the spectral peak value curve Harma method uses to find syl-

lables . . . . . 50
Processes of Lasseck’s segmentationmethod . . . . . ... ... ...... 52
Syllable end-point detection with MLP using fixed sizeinput . . . . . . . .. 60

Vi



4.5 Syllable end-point detection with RNN using variable sizeinput . . . . . . .. 61

4.6 Mean and two standard deviations of specific scores of different segmentation

algorithms . . . . . . . .. 62
51 Workflow . . . . . . e 64
5.2 Descriptive acousticsfeatures . . . . . . . . .. ... o o0 65
5.3 Descriptive acousticsfeatures . . . . . . . ... ... .. L. 69
54 Summarymethods . . . ... ... . ... 74
5,5 Resamplingmethods . . . .. ... ... ... ... .. .. . ... ... 75
5.6 Audioauto-encoder . . . . . . ... 76
5.10 Directory structure of feature values stored onthe harddrive. . . . . . . . .. 83
6.1 lllustration of hierarchical clusteringusingUPGMA . . . . . . . .. ... .. 89

6.2 Control panels accessible under submdaxtract features and compacreate

an ordination for clustering or similarity index for sorting. . . . . . .. . .. 91
6.3 Leftside control paneloftheunittable. . . . . .. ... ... ........ 91
6.4 Koés unittable after filtered and sorted by similarityindex. . . . . . ... .. 92
6.5 Koeés Interactive Ordinationview . . . . . . . .. ... ... ... ..... 93
6.6 Accessing labelled data from otherteammembers . . . . . .. ... .. ... 97
7.1 Koeéssongslistview . . . . . . . . .. ... 101

7.2 Table of subsequences and their SPADE parameteidiive sequence structure

PAJE. . . . e 105
7.3 Anexample of agraph forasubsetofsyllableKoe . . ... ... .. ... 106
7.4 Control panel irMine sequence strucpage to change graph parameters. . . . 108
7.5 Network visualisations of male and female song sequence structure. . . . . . . 111

vii



ACKNOWLEDGEMENTS

[is thesis is the result of a collective effort by so many people to salvage my failed PhD attempt
after six years of struggles. However, | will always remember these six years fondly. | have met
wonderful people, developed lasting friendships, and even found my missing half at this very
institute! For all the people that are involved in this journey of mine, | would like you to know
that I'm grateful for your supports during these years. | walked out of the process with a master
thesis, a brand new acoustics tool under my belly, and a wife! Ifthat’s nota success, | don't know
what is!

With that out of the way, | would like to thank all those who have joined me on this journey
and made this outcome possible.

First | would like to thank Dr. Andrew Gilman, my main supervisor during the PhD period,
who sparked my interest in academia and helped me get into PhD in the first place. You are a
knowledgeable dude, a good friend, and a guy with an interesting sense of humour.

| want to thank Prof. Dianne Brunton for being unbelievably supportive during my entire
time at Massey, despite not officially being my supervisor. Above all things, you are passionate
about students and with you we always find someone we can trust and confide in. We are so
lucky to have you to lead the institute.

| want to thank Dr. Mat Pawley, my main supervisor during the last two years. You are a
great source of encouragement and a down-to-earth supervisor. A big parfKoé& sequence
mining using SPADE, was your suggestion, and | wouldn't have made that without your en-
couragement.

| want to thank Prof. Stephen Marsland, my co-supervisor during this entire time. | truly



admire your deep knowledge of machine learning and hope that one day | can talk to people
about it with complete confidence the way you explained things to me.

| want to thank Wesley Webb, my dear friend and co-author kbe Koenvould not have been
where itis now without your contribution. You're such a great dude, always humble and joyful,
and a great listener. Plus serious presentation and Photoshop skills.

| want to thank Niloofar Aflaki, my wife, for your love and support which made it possible
for me to complete this thesis. During my third and fourth year doing PhD, seeing you every
now and then in the kitchen or at Zumba class made those gloomy days more bearable.

| want to thank my parents who helped bring me to New Zealand in the first place, and have
been supportive of all the decisions | made. [y were supportive when | quit a job to start a
PhD, and were supportive when | quit a PhD to start a new job. [y couldn't care less whether
I have a PhD or not, as long as I’'m happy - which is pretty rare for Asian parents. I'm grateful
to be their son.

[@re are stillmany people I wish to thank, albeit not directly involved with my study, they in
more than a handful of ways, have made my PhD life a little more enjoyable. So thank you Tim,
Judy, Elijah and Claire; Jun and Shona, Azadeh, Hong and Peter; Tony; as well as all the admin

staff at INMS.



CHAPTERL

OVERVIEW

1.1 Introduction

Acoustic communication plays importantroles in the lives of many animal species, functioning

in mate attraction, species recognition and resource defence (Marler and H. W. Slabbekoorn
2004, Ch.6). Unlike visual signals which need a direct line of sight, sound can propagate over
long distances and where visibility is poor, e.g. dense vegetation (Howard 1999). Most vocalis-
ing taxa have been the subjects of bioacoustics research to some extent but none has been more
extensively investigated than songbirds. [@ vocal activities of songbirds are amongst the most
proliferate in the animal kingdom. [é diversity of songbird morphology leads to abroad range

of acoustic capability from subsonic to supersonic, from simple chirping to complex vocal pat-
terns that bear many parallels to human speech (Sainburg et al. 2019). One crucial similarity
between human speech and birdsong is that they are both combinatorial signals (Eimas et al.
1971; Zuidema and de Boer 2009) - meaning that the vocalisation patterns can be subdivided
into smaller units. Evidence of combinatorial processing is found in species of other taxa such
as Campbell's monkey (Ouattara et al. 2009), parrots (Dahlin and Wright 2012), rock hyraxes
(Kershenbaum, llany, et al. 2012) however these are exceptions rather than the norm, whereas
in songbird this process is ubiquitous (Kershenbaum, Déaux, et al. 2018). Combinatorial signal
processing is the key to enable the reuse or adaptation of algorithms/tools developed for speech
processing for birdsong, which makes this thesis possible.

Inrecent years, speech processing has become one of the most researched topics in machine



learning. We already enjoy the results of these research through the introduction and contin-
uous improvement of digital assistance such as Siri and Cortana. Some aspects of speech pro-
cessing can even be considered solved, for example, automatic speech recognition (ASR) and
machine translation (Hirschberg and Manning 2015). [is success in speech processing has
inspired computer scientists to turn their attention to animal vocalisations. Studies of bird vo-
calisation have broad implications for other fields of biology and can even change or deepen the
way we understand our own species, as they can potentially answer questions about the evolu-
tion of language, the process of language learning in children, etc. From a computer scientist’s
point of view, my main aim is to investigate how computer algorithms can be used to facilitate
various kind of research of birdsong.

A large proportion of reported research in birdsong is concentrated on the identification of
bird species from their songs or calls. Competitions for species recognition from songs have
been held such as NIPS4B 2013, ICML4B 2013, MLSP (annual) and BirdCLEF (annual). Smart-
phone apps such as WARBLR (Warblr 2020) have been developed for identifying the vocalising
species from a live recording taken by user. A less well researched topic is the analysis of songs
from the same species, such as mimicry of brood parasites (Ranjard, M. G. Anderson, et al.
2010), song crystallisation of juvenile birds (Derégnaucourt et al. 2005; O. Tchernichovski et al.
2004; Wellock and Reeke 2012), impacts of environmental noise or vegetation density on song
characteristics (Brumm and H. Slabbekoorn 2005; Francisco et al. 2002), dialects between dif-
ferent populations (Luis F. Baptista and King 1980; Rothstein and Fleischer 2007; Williams and
P. J B Slater 1990), and differences between the vocalisation of male and female (Webb et al.
2021). [ese are different case studies of the same broad analysis which looks to find subtle
differences between one set of vocalisation and the other. In this thesis, | refer to this analy-
sis as dialect analysis, although the terms "dialect” in human speech is usually used in a much
narrower scope.

[@ analysis of dialects in birdsong is also different from the analysis of human speech. In
humans, dialects are usually pre-defined (Nerbonne and Heeringa 2001); studies are carried
out to analyse the differences after the fact. For birds, itis hard to tell whether the differences
we perceive with our human ears are also significant to the bird. [@ reverse is also true: birds

generally have much higher temporal acoustic resolution; two sets of vocalisation might be dis-



tinguishable to the birds, but do not sound dissimilar to us at until they are played back in slow
speed. Without an established method to determine whether dialects exist or how to quan-
tify them, it is no surprise that dialect analysis still requires heavily manual operations and
decision-making from experts. My thesis therefore aims at investigating and developing com-
puter algorithms that can be used by biologists to speed up their analysis.

[@se algorithms broadly include: syllable segmentation, syllable classification, clustering,
visualisation, and sequence analysis, which are now implementeldaga web-based software
thatl developed in collaboration with a biologist at my institution, Dr. Wesley Webb. lis thesis

Is centred around the science and practicality iibeor bioacoustics research.

1.2 Challenges

In contrast with human speech, we don’'t have a priori knowledge of bird’s perception of units,
including temporal boundary (where a unit starts and ends) and how much a unit can vary
before it is perceived as a distinct class (Lachlana and Nowickia 2015). [is leads to two major
challenges: how to determine the vocalisation unit of a species (segmentation), and how to
determine whether two units are different enough to be considered distinct (classification).
[@se are the core issues computer scientists face when designing algorithms for bioacoustics
research.

Birdsong is thought to be hierarchical in structure, divisible into different levels of complex-
ity (Berwick etal. 2011). [ common approach is to divide a song into the smallest vocal units
based on the durations of the sounds and the silent gaps between them. [@se units can have
various names depending on the species, but the most common terminology is "syllable".

concept of a "syllable" is discussed in depth in Section 83.2.2. For now, a syllable can be
understood as a continuous sound signal separated from the other units by a silent gap. Having
asatisfactory set of syllables precisely segmented and consistently labelled is a crucial step prior
to any analysis that can be then carried out. However, the accuracy requirements differ from
analysis to analysis. For studies that do not look deeply at the syllable label, a crude input is
good enough as long as they contain enough information to differentiate the totality of these
syllables as a whole, and therefore a faster albeit less accurate algorithm for segmentation and

classification might satisfy. For example, species identification doesn't even need the syllables



to be labelled, as long as the input can be transformed into a numeric representation that helps
distinguish one species from another. For dialect analysis, accuracy trumps speed, especially if
the raw datais limited; the accuracy costto implementan automatic algorithm often outweighs
potential time-saving benefits.

(e field of acoustics software is very fragmented. Software that provides solutions for accu-
rate manual processes exists, however they are often specialised in only one part. Raven (Bioa-
coustics Research Program 2011) is good at partitioning long recordings into individual songs.
Luscinia (R F Lachlan 2007) is good at segmenting syllables. Excel is so far still a widely used
tool for syllable classification. Software such as Sound Analysis Pro (Ofer Tchernichovski et al.
2000) and Avisoft (Specht 2002) (both proprietary) provide a convenient interface to extract
acoustics measurements from syllables, but they are locked in a small set of features and the
users have no way to introduce other features. None of these software provides sequence anal-
ysis, the researchers often have to create bespoke code themselves to get this done. In order for
a biologist to conduct a typical dialect analysis, they have to transfer their data between three,
four different software plus their own coding. An end-to-end software solution that can piece
together all these fragments is still lacking. In Section §1.2.1, | detail what such software needs

to fulfill.

1.2.1 Aprecise way to segment syllables using both visualisation and sound

playback

How much gap is required to separate syllables is up to the intuition of the researcher based
on their experience. [@re’s currently no way to tell whether this gap length is correct from the
bird’s perspective. Some species might be able to discern a smaller gap, some might only recog-
nise alonger gap. Evenifthe gap length could be correctly identified, automated gap detection
in birdsong recordings from the field could still be difficult due to unwanted noise masking
the silent gaps. Often for in-depth analysis of birdsongs, precision is far more important than
speed, thus the common approach is still to carry out segmentation manually.

Manual segmentation is usually performed not only by listening to the sound, but also by
looking at the spectrogram - a visualisation of the sound in time and frequency. A syllable is

presented as a blob of pixels representing high energy signal on a plain background. [e start



and end points of this pixel blob is the start and end of the syllable in time. Depending on
how the spectrogram is generated, each pixel can represent longer or shorter period of time.
Using both the spectrogram and playback, the biologist can speed up the segmentation process
significantly, especially if the spectrogram can be fine-tuned and the playback speed can be

adjusted.

1.2.2 Syllables needs to be labelled in a flexible way, at different scales

How much a syllable can change before it is considered a different type is an unsolved prob-
lem. In human speech, virtually every person has their own slightly different way to pronounce
the same word. However our vocabulary is constructed as discrete categories. Itis well under-
stood that categorical perception is also ubiquitous in the animal kingdom (Baugh et al. 2008;
Ehretand Haack 1981; May et al. 1989; Wyttenbach et al. 1996) and especially in birds (Lachlana
and Nowickia 2015; Nelson and Peter Marler 1989). However, when there is a gradient of incre-
mental differences between exemplars, it can be difficult to define category boundaries without
some form of verification from the animal. Robert Lachlan and his student Lies Zandberg (in.
comm.) at the University of London are doing just that by performing playback experiments
on zebrafinches and correlating their behaviours with differences in acoustics of incrementally
different syllables. [eir experimentis currently underway and when published will be the first
ever to attempt finding correct categories of syllables from the birds perspective. [is kind of
study is difficult and expensive, so biologists are likely to require their own expert opinion to
perform categorisation of sound units.

Analysing dialects by song structure is therefore heavily predicated on having "correct"” sylla-
ble categorisation. If the criteria for "being different" is too relaxed, one risks having too many
unique syllable types and too few instances per category. On the other hand, a more inclusive
approach will risk overlooking legitimate dialectal variants. A better software solution should
support labelling at different scales, but none of the existing software solutions had support

for this.



1.2.3 A method for collaborative work between experts in regards to syllable

classification

Even with multi-scale labelling scheme, it is impossible to avoid personal biases. Different ex-
perts rarely arrive at identical categorisation even for a stereotypic repertoire. When manual
categorisationisinvolved, most studies settle on a classification that the researchers self-assess
to be "reasonable” (A. E. Jones et al. 2001). Inter-observer reliability assessment to establish the
degree of agreement between experts has been carried out only in a small number of studies,
for example, (Kershenbaum, Blumstein, et al. 2016; Nelson, Hallberg, et al. 2004; Parker et al.
2012; Sohaetal. 2004; Tomback and Myron Charles Baker 1984). As well as the time-consuming
issue each researcher faces when they label sounds, existing software solutions don't provide
enough support for collaboration at this step. A better solution should have built-in features
that allow experts to share, assess, and work on the same syllable set simultaneously, where

the products from individual labellers can be quickly aggregated and assessed.

1.2.4 Auser-friendly software that allows users to easily extend feature ex-

traction capability

Feature extraction is arguably the most important part of any acoustics analysis. If segmenta-
tion and labelling are done perfectly but the features are not suitable, the results are meaning-
less. Onthe other hand, there exist features that are tolerant to noise or imperfect timing of the
segmentation. So itis more crucial to get the right set of features than it is to get the segmen-
tation and labelling done perfectly. On this front, all software being used for acoustic analysis
offers feature extraction, but the levels of quality vary. As most of them are closed source, the
user is left at the software creator’'s mercy to have certain features they need implemented. One
exception is_usciniavhich is open source; however, extending dnscinias an enormous task

as there is a severe lack of scientific computation for Java, the languaggeinias written in.

A better solution should be open source and easily extended. Because programming at a level
required to extend a software via plug-ins is outside the expertise of many biologists, this is not
an option. Extending the software by having it written in languages that have strong support

from the scientific community is a much more achievable direction.



1.3 Contribution

In this thesis, | develop a computer process for analysing birdsong dialect and implement a
brand new software name#oethat facilitates real-world analysis of that natureKoecan also

be used for other kinds of analysis of birdsongs, and can also be used for other animal species
too. As of the time this thesis is writtenKoehas a user base of nearly 800 users all around the
world, including bird enthusiasts, biology students and researchers. Collectii&bgs now
hosting more than 1300 datasets, many of which are non-bird sounds. During the process of

writing Koel and my colleagues published or have submitted the following papers:

Fukuzawa, Y., Marsland, S., Pawley, M.D.M., & Gilman, A. (2016, Novemi®egmenta-
tion of harmonic syllables in noisy recordings of bird vocalis2idigsInternational Con-

ference on Image and Vision Computing New Zealand (IVCNZ) (pp. 1-6). IEEE.

Fukuzawa, Y., Webb, W. H., Pawley, M.D.M., Roper, M. M., Marsland, S., Brunton, D.

H., & Gilman, A. (2020) Koe: Web-based software to classify acoustic units and analyse sequer

structure in animal vocalizatidvisthods in Ecology and Evolution, 11(3), 431-441.

Webb, W. H., Roper, M. M., Pawley, M.D.M., Fukuzawa, Y., Harmer, A. M., & Brunton,

D. H. (2021) Sexually distinct song cultures in a songbird metapaoptdian.

Roper, M. Michelle, Webb, W.H, Fukuzawa Y, Evans C. Hammer, M.T. A., Brunton, D. H.

(2021)Sexual and temporal variation in New Zealand bellbird song repmfoires

1.4  Why Koewas written

Initially, the software that developed inté&koewvas a tool to provide both manual segmentation
and classification of bellbird song syllables on the same platform, in an attempt to get a cleaner
dataset from what my colleagues at Massey University, Dr. Wesley Webb and Dr. Michelle
Roper had been collecting and processing for years. PrioKtwethey were limited to a cum-
bersome workflow because of the number of different software involved in the process, which
became too unwieldy as more data was added.

Anideal workflow would be iterative, where at the last step the biologists could go back to the

first step and refine the result. However as the data had to be exported and imported through



several applications, this was next to impossible. [ result was a chunky, inconsistently la-
belled dataset. Many syllables that sounded distinctly different from each other were given
the same label, and vice versa, many syllables that sounded similar were given different labels.
Analyses performed on this initial dataset produced results that were no better than chance.

Koawvas written to integrate all tasks in the bioacoustics workflow into one unified platform.
(@ dataisimportedto Koeas raw recordings, then they are segmented into syllables, and then
labelled. If during the labelling process the biologist detects any inconsistency, it is very sim-
ple to go back and correct the mistake. For example, a syllable initially labeladchder re-
examination might be split into two syllable¥ andZ, then all the researcher needs to do is go
to the segmentation page, split syllabk into two syllables, and give them lab&andZ. In
Koethis change will be propagated automatically throughout the workflow, whereas in other
software, the entire process needs to be redone.

In classification, one scale of granularity is often not enough. We spent much time dis-
cussingwhetherthe label se& B; B; C}is more applicable thanthe sef{;; A,; By; B,; Cq; Cy;
... }. [@ solution was to allow more than one level of labelling simultaneously, and we settled
at having two scales: a broad scale and a fine scale. Another obstacle to efficient labelling was
the sheer number of syllables involved. We examined one dataset (of bellbird song) which con-
tained 21845 individual syllables. On a typical screen, only about 20 syllables can be shown in
one page due to the space necessary to display spectrograms. Even with the broad scale, it was
hard to keep track of the syllable labelled a few pages ago. To alleviate this issue, another fea-
ture was added td<oe bulk labelling by cluster analysis. Syllables are transformed into feature
space and dimensionally reduced to two, such that they can be visualised as datapoints in a
graph. Syllables that are acoustically similar appear near each other in the graph, where the
user can then group them with a lasso tool and label them in bulk.

Bulk-labelling datapoints in two-dimensional acoustic feature space is intuitive, however
it depends on how well the features can represent acoustics differences. To arrive at a good
set of features is one of the key challenges of acoustic analysis. [ére is no rule about what
features are better than other, so most studies chose them through trial and error. [érefore,
when implementingKoe instead of favouring my own choice of features and forcing the user

to stay within that choice like other software does, | incorporated as many acoustic features |
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could find in the literature. Koés feature set includes all dbound Analysis PtaisciniaRaven
and other well known features. It is also possible for the user to define their own features by
extending onKoés source code, which is released under MIT licen&aés feature extraction

Is written entirely in Python using well-supported scientific libraries. Although a little slower
than code written in C/C++, it makes the extension Bbeesasier for students and researchers

in biology or other fields that are not involved in programming.

1.5 OQutline of the thesis

[is thesis is centred around the scientific aspects oKoe lt is organised as follows:

Chapter 2: | discuss in broad terms the functionalities dKoeand the decisions for the

programming framework and user interface design that deliver these functionalities.

Chapter 3: I introduce key concepts of Digital Signal Processing (DSP) for bioacoustics,
the differences of sound production and perception between birds and humans, and the

models thereof.

Chapter 4: | discuss syllable segmentation methods for birdsongs including manual and

automation attempts, and how these techniques are implementedioe
Chapter 5: | review acoustics features that are commonly used in bio-acoustics.

Chapter 6: | discuss feature-space clustering methods and how it is visualise&aeor

rapid syllable labelling.

Chapter 7: | discuss how sequence analysis is implementedioeand its application
in analysing birdsong dialects. [@ chapter is concluded with a case study usiKgeto

analyse song structures of male and female Bellbirds.

Chapter 8: Conclusions and future work

11



CHAPTERZ

DESIGN AND FUNCTIONALITY O§OE

2.1 Introduction

Existing acoustics software prior t&oavere designed for single users and distributed as stand
alone, installable packages. Some are only available for Wind&esi(d Analysis Preome re-
quire installing extra software to functiongound Analysis Regjuires MySQLIusciniaequires
Java) Kods a web app, to the best of my knowledge, at the time of writing this thesis, it’s still
the first and only acoustic software distributed as a web app. Being a web app removes all ob-
stacles for the general public from accessing the platform. In additidkoes also packaged

as a Docker image, allowing more tech-savvy users to download and install it locally on their
own computer or for their institution. For researchers who are familiar with coding, the source
code ofKoas available for download, change and run at localhost. Table 2.1 shows the targeted
users, purpose of use, and the URL where the three distributiongaiecan be found. In this
chapter, | discuss in broad terms the functionalities é&foeand the decisions for the program-

ming framework and user interface design that deliver these functionalities.

2.2 Languages, framework and libraries

Before the inception oKoe | was involved in two open source programs: AviaN&hich was

created by my supervisor Prof. Stephen Marsland, and Lusciniy Robert Lachlan in an at-

Ihttps://www.avianz.net/
2https://rflachlan.github.io/Luscinia/
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Table 2.1: Lreekinds of distribution of Koe Koes distributed through three methods: as an free
online tool, as a runnable Docker image, as an MIT-licence open source project.

Type Online Dockerimage Source code
User Researchers and the Researchers or technicians at Programmers / Re-
general public an institution searcher with coding
knowledge

Purpose To use the most re- To setup their owrKoeserver To customisekoeg e.g.
cent version ofKoe forspeed and keeping their extend functionality

without any setup data private
Access  www.koe.io.ac.nz hub.docker.com/repository/ github.com/fzyukio/
point docker/crazyfffan/koe koe

tempt to extend their functionality to serve what | and my colleagues needed - a software that
allows labelling of syllables to be carried out rapidly and with multi-granularity support. Both
programs were set up in away that rendered this job nearimpossible in reasonable tim&d#&o
was invented out of necessity to fulfilan immediate need. However the design from the begin-
ning has always been to mak&emore than just a short-term solution. By comparing existing
acoustic software (paid and free) with what | envisaged #¢o¢ three design principles were

made:

Koeneeds to be accessible without complicated installation process
Koeneeds to support multi-user out of the box

Koeneeds to be easily extendable

2.2.1 Koeasawebapp

Unlike all other acoustics softwar&oeruns as a webapp. [@ official site is publicly available

at https://koe.io.ac.nz, but it can also be setup to run locally and made accessible only to local
users of an institution. As a webapp, there is no need for the users to install anything, all they
need is a modern web browser. [is proves useful for collaboration, for example, cooperative
labelling of a dataset by multiple experts, or projects involving the general public. In Chapter
6, | presented a case study that was organised as a citizen science project with a large number
of non-expert participants. [is project was only possible thanks t&oebeing accessible as a

webapp.
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2.2.2 Dataisstored in the backend and can be exported to the end user

Data in Koeconsists of 1) raw audio files, 2) compressed audio files, 3) syllable end-points, 4)
spectrograms, 5) label data and 6) extracted feature data. All dat&das user-specific and is

foreign-key constrained to the user key. [8y are stored on the server using various storages:

Raw and compressed audio files are stored physically on the hard drive. Unlike Luscinia
which stores everything in an H2 database (making the program extremely slow and
memory consuming), only the ID and name of the audio files are stored in the database.
Storing audio files on the hard drive also allovi®eo read only an individual segment of
afile and not the entire file, significantly reducing load time. [is is necessary becausein
Kodhere are many processes that involve only certain kinds of syllables; for example, the
user can filter syllables based on their length, labels, start and end points, etc. It would
be much slower to read 100 audio files in full just to extract 200 syllables from them than

to read only the parts of 100 files that contains those 200 syllables.

Syllable metadata is stored in the database. [@ metadata includes only start and end
point, min, max and average fundamental frequency, making it very light-weight and

filterable.
Syllable labelis stored in the database and is foreign key constrained to several identifiers

— Syllable key: which identifies the syllable it is labelled for.
— User key: which identifies the person who gives a syllable its label.

— Attribute key: which identifies the granularity of the syllable, e.g. broad-scale or

fine-scale.

Spectrograms are stored as static images to speed up front-end rendering. A spectro-
gram of a syllable never changes regardless of the label and the user, therefore it is un-
necessary to generate each syllable on the fly at the front end. Storing spectrograms as
staticimages increases hard drive use, however as the images are small and compressed
(PNG format) the increase is not significant and the speed gained is a well worth the trade

off.
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Extracted feature data is stored as binary files on the hard drive. [i5 is the second most
space-intensive data after raw audio files. [@ number of distinct features that can be
extracted from each syllable is more than 100, therefore reading feature data is the most
intense in hard-drive access. Well-known binary storage libraries such as H5 are not fast
enough to accommodate this large number of features. | wrote a new binary storage
library that allows rapid data access similar to the way syllables are read from sound files.

(@ design and implementation of this library is detailed in section §5.4.4.1.

Users ofkKoeown their data, thus | added functionalities to the front end to allow users to
download any of the aforementioned data (audio files, extracted feature data, and label data),
as well as exporting data from the table they are viewing in CSV format. [@ exported label data
can also be used to restore their dataset if they have lost or damaged their data i.e. by changing
labels in bulk by mistake. It also facilitates data migration should they wish to move their data

from the official Koenvebsite to a local copy doaunning on their own server.

2.2.3 Koesbackend is implemented in Python to maximise extendability

Atthe time Koewas being conceived, there were two languages with the most support from the
scientific community: Python and R. [ levels of support differ from domain to domain. Sci-
entific computation and plotting libraries often support both languages, while Python has an
edge on acoustics libraries, and R has stronger support for statistics. However, there is no ma-
ture webserver framework for R, while for Python there are numerous - most notably Django
and Flask. [@ decision was made to select Django over Flask because it is more mature and

flexible than Flask.

2.2.4 Libraries

Koanakes use of the following libraries for scientific computation:
NumPy (Python Software Foundation 2017) for fast data manipulation, as almost every
computation performed inkods based on array or matrix.
Scipy (E. Jones et al. 2014) which provides basic signal processing and statistical tools
librosa (Mcfee et al. 2015) is used to extract many well-known acoustics features.

15



Scikit-learn (Pedregosa et al. 2012) for dimensionality reduction
Scikit-image (der Walt et al. 2014) for image-based features.

Tensorflow (TensorFlow 2017) is used only at the backend for machine-learning tasks.
[is area s still under development and once completed will expand the capabilitylbe

significantly.

In addition, | have written a number of libraries to provide scientific computation not sup-

ported by any library, these are:

python-matlab-functions ®is a python reimplementation of several useful functions in

Matlab

mt-spec-features # implements all multi-tapering features which are the core of Sound

Analysis Pro (Mcfee et al. 2015)

python-cspade ° is reimplementation of the algorithm Spade (Zaki 2001) in C++, with

python wrapper written in CPython

In orderto provide an easy way to add more features€oeall features provided in the afore-
mentioned libraries are wrapped in a common interface, such that the call to any feature has

the same signature no matter which library it comes from.

2.3 Database design

(@ Django framework is database-agnostic and comes bundled with an Object Relational Map-
ping (ORM) framework that builds appropriate database structure for any backend based on
the declared models and their relationship. For example, a simple database "driver” with two
models - Person and Car - in Code block 1 will generate the database structure presented in

figure 2.1.

| chose MySQL foKoés database backend. [is decision is made based on the observation
that MySQL has very high performance and is well-understood by researchers and IT/CS stu-

dents (itis the database of choice for teaching at Massey University). However, advanced users

3https://github.com/fzyukio/python-matlab-functions
“https://github.com/fzyukio/mt-spec-features
Shttps://github.com/fzyukio/python-cspade
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from django.db import models

class Person (models.Model):
name = models.CharField()
birth _date = models.DateField()

class Car (models.Model):
make = models.CharField()
year = models.IntegerField()
model = models.CharField()
owner = models.ForeignKey(Person)

Code block 1: Simple database model declared in Python following Django’s ORM modelling system.
(@ database has two models: a Person model with name and birth date and a Car model with make,
year, model and is owned by a Person

year name

Figure 2.1: ER Diagram of the database structure generated by Django from the models declared in
Code block 1. [@ actual database is SQLite, imported into DBeaver to generate this diagram.

of Koeusing the Docker or source code distribution on their own server are free to choose any
database they likeKoehas been tested to run smoothly on PostgresDB and SQLite. PostgresDB
has the benefit of high performance and supports concurrency better than MySQL, however it
Is more difficult to set up. SQLite is stored as a single file on the hard drive so it is very easy to
set up and migrate, however it's not designed to have high performance on large scale.

Koés database models are quite complicated. Figure 2.2 shows a trimmed down version of
the diagram that visualises the relations between modelddoe Note that there are far more

actual tables in MySQL needed to realise these models and relationship.

2.3.1 Koeés database is designed to be user centred

Unlike other bioacoustics softwardloerequires the user to sign up and log in before they can

starttheirwork. Users needto first create a Database, of which they are the owner, or be invited
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Figure 2.2: A simplified ER Diagram oKoés database structure. [@ actual database is MySQL.
DBeaver connects to the database to generate this diagram
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to work on someone else’s database, which they can be granted different access rights. @
owner has full control of what other users can do, in particular, there are 9 levels of access that
a user can have, from lowest to highest, as specified in Table 2.2. [@ lowest 6 permissions
(View, Annotate, Import data, Copy files, Download files, Add files) are considered safe as what
the user is permitted to do does not affect other users’ data at Modify segmerasdDelete files
change the collection of syllables as well as altering the start and end points of the syllables,
thus are considered "unsafe". [@ safe permissions are designed to facilitate various needs of
a citizen science project, such as allowing the general public to participate in data labelling,
or make recordings and upload files to an open dataset. [@ unsafe permissions are reserved
for close associates of the database owner, allowing collaborators to adjust the dataset without

having to consult the entire group.

Table 2.2: User permissions in Koe. Asterisk denotes actions that effect other user’s data

Annotate
Import data

Permission

View label
Playback soun
View clustering
View sequence structur
Create new label se
Copy other user’a label dat
Copy files into their own databas
Download compressed audio file
Download extracted feature dat
Add new audio files
Adjust start and end points of syllabl
Delete syllables
Add new syllables
Delete audio files (and all segments therefrom) *
Change other user’s permissio

X X X X View

X X X X X

X X X X X X
X X X X x x x| Copyfiles

X X X X X X X X x| Download files
X X X X X X X X x x| Addfiles
X X X X X X X X X X X X x| Modify segments
X X X X X X X X X X X X x x| DeleteFiles
XX X X X X X X X X X X X X x| Admin
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2.4 Front-end design and framework

2.4.1 Koeworkflow

| designedKoeto provide end-to-end functionality in an intuitive and flexible workflow, as il-
lustrated in Figure 2.3a. Each step in the workflow has a specfagen Koewhere the user

can perform the task (e.g. segmenting, measuring, classifying, etc.). Any step in the workflow
can be revisited, and modifications will dynamically update throughout the program. A more
detailed breakdown of these step is provided Koés documentatiorf. In general, the user
starts with uploading their data tokoein the form of raw recordings / songs (in wav format).
Recordings are divided into songs, which are segmented into unKseextracts unit features to
produce similarity indices and interactive ordination plots, which help a user to rapidly and ac-
curately classify units. Once complete, classification can be validated by independent labelling.
Koeprovides tools for analysing repertoires and sequence structure. Data can also be exported

for external use.

Similarto the back end, the frontend dkoes also designed to be easily extendable. Fromthe
start, this design has alloweHoé€o evolve incrementally as | extended the back end to facilitate
more modes of analysigKoeprovides one webpage for each stage of the acoustics process. In
Koethese pages are accessible through a side menu, and are organised in an order similar to

that of the corresponding stages in a typical acoustics process.

2.4.2 Front-end design

Koauses a mixture of the Model-View-Controller (MVC) and Single-Page Application (SPA) pat-
tern to take full advantage of both server-side and client-side rendering. When a page is vis-
ited the first time, the server generates skeleton HTML code from templates. When this code
reaches the client and finishes loading all JavaScript codes, the final result is rendered via ex-
tra AJAX requests and shown to the user. From this point any user interaction with the page is
handled by an AJAX request, i.e. the page does not reload after each action. [is is necessary

to keep the app responsive, because a full server-side rendering method will reload a page with

Shttps://github.com/fzyukio/koe/wiki
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Workflow
Manage your database
Upload & split raw recordings
Upload songs

View all songs

Extract features and compare
Extract unit features
Construct ordination

Calculate similarity

Classify & manage units

Ordination
Unit table
Exemplars
Syntax analysis
Mine sequence structure

Syntax-aided categorisation

(b) Koés side menu organisation of
(a) A typical acoustics process carried outlifoe pages

Figure 2.3: Koés acoustics workflow and its accessibility from the main appKaedatabase is
integrated; any step in the workflow can be revisited, and modifications will dynamically update
throughout the program. Raw recordings / songs (in wav format) are uploaded. Recordings are
segmented into songs, which are segmented into unik&oeextracts unit features to produce similarity
indices and interactive ordination plots, which help a user to rapidly and accurately classify units.
Once complete, classification can be validated by independent labelliagprovides tools for
analysing repertoires and sequence structure. Data can also be exported for external use.

up to tens of thousands of rows every time there’s a smallest change, such as to label a syllable.
AJAX requests from the client side are responded with JISON-formatted data, and not HTML
code. [is is yet another necessity as a typical user’s dataset contains hundreds up to tens
of thousand of syllables, each syllable has many properties, making it unfeasible to convert a
dataset into ready-to-display HTML code in a timely manner, especially when there are mul-
tiple users active at the same time. [ds, upon an AJAX request, the server simply responds
with the pure, raw data that can be queried directly from the database, and leaves rendering a

responsibility of the client side.
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2.4.3 Components of a page

Pages inKoehave a similar structure: a side menu on the left and a main section that spans
the remaining space. [@ side menu contains a control section, which is defined by the page
template, and a navigation menu to allow access to other pages. [@ main section can contain
various component, such as spectrogram, song info, playback control, and a spreadsheet-typed
grid. [@ grid isthe most common component of a page, although some pages mighthave more
than one grid (such as the Database management page), or no grid at all (such as the Ordination
page). Figure 2.4 shows the layout of the syllable segmentation page with different components

organised in the main section and Figure 2.5 shows other components used in different pages

of Koe

Export entire table (csv)

Speed @ Convras
Export filtered subset (csv) 2 : =
e

|. Start D End Duration Family Subfamily Label Note

1 1
e 119.00 9283 398.00 279.00 # Chump s # Ghh_Ghh_Chump &

LBI_2016_04_08_WHWO037_17_M.
VG.LBI_2016_04_08_WHWO037B.

600.00 9284 726.00 126.00 # Chump s’ # Chump s’
ecies Anthornis melanura
2016-04-08 1160.00 9285 1559.00 399.00 # Pipe s # Pipe(E[6]bent) s
va

LBI_2016_04_08_WHWO037 1747.00 9286 2241.00 494.00 # Upsqueak d # Upsqueak(harmonic) &

Individual LBI_2016_04_08_WHWO0378

2490.00 9287 2715.00 225.00 # Pipe_Down & # Pipe_Down_Tink &

Sex M

2884.00 9288 3166.00 282.00 # RoughBuzz & # Spiderfangs s

4539.00 9289 4825.00 286.00 # Downsqueak & # Downsqueak(alarmy) &

4953.00 9290 5051.00 98.00 # Tink d # Tink d

5660.00 9291 5795.00 135.00 # Cough s # Cough(short) s

6585.00 9292 6882.00 297.00 # Chump rd # Ghh_Ghh_Chump ¢

0O 0O 0O o oo o o o o o

7064.00 9293 7172.00 108.00 # Chump ’ # Chump ’

Figure 2.4: Organisation of a page itKoeSide menu @ , which contains the control sectio® and the
navigation menu@® ;Main section @ which can contain any combination of: sound sonogrd@,
sound spectrogran@®, playback controlle@ , metadata@®, data grid@

2.4.4 Extendability

Most of these components are used in more than one page, for example, the spectrogram sec-
tion is used in both"Upload & split raw recordiragsl "Segment songs into unite data grid is

used in almost every page, sometimes more than once per page. In order to achieve that, these
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Feature extraction queue

Following are pending feature extraction tasks submitted by all users for all databases and collections O #BirgCLEF

O # Belbvid_luscdd

Task User Database Name Created Started Progress

@ # Belbird_TMI

2 Test
New extraction (e]

Q # My_database
Existing data matrices

Bellbird_TMI: basic | Completed v

QO # Warbler flight calls

m Add ¢

Collections User & Permissions Saved versions
O Name O usemame  Permission Backup type Form
0O emF O  wesley # Assign User QO segmentation 4

(O superuser  Assign User Q labels 4

O oHs # Annotate Q segmentation 4

O mroper # Delete Files Q labels 4

O Aisamae96 # Annotate Q labels 4

O RedBeard # Annotate Q labels 4

Load ZIP

Duration ~ Song

Units
Features Start End
] ; 52000 61700 9700
(O spectral_flatness spectral_bandwidth (D spectral_centroid
106600 127700 211.00
] spectral_contrast (m] spectral_rolloff O mfec
163400 179500  261.00
() zero_crossing_rate (J total_energy (D aggregate_entropy
226400 249300 22000
([ average_entropy (J average_power (J max_power 3400 |at0200  |288.00
max_frequency Oireq X () amplitude_r 43000 55400 12400
] ’ 70300 82500 12200
() goodness_of_pitch amplitude (D entropy
e77.00 96700 9000
() mean_frequency () spectral_continuity duration
104500 112500 8000

[Mframe entronv

[ averane frame nower

[Mmax frame nower

(a) Job lodgement

(b) Interactive force-directed graph

TMI_2015_02_01_MMRO016_01_M

TMI_2015_02_01_MMRO016_01_M

TMI_2015_02_01_MMRO16_01_M

TMI_2015_02_01_MMRO016_01_M

TMI_2015_02_01_MMRO16_01_M

TMI_2015_02_01_MMRO17_01_F:

TMI_2015_02_01_MMRO17_01_F:

TMI_2015_02_01_MMRO17_01_F:

TMI_2015_02_01_MMRO17_01_F:

Spectrogram  Family

Pipe

Stepup

Pipe_Downsqueak

Stepup

Pipe_Downsqueak

Chump

Stepdown

Pipe

Chump

(c) Multi-grid system

e *
ol *
*
. " ®
L g, 8

Subfamily  Label

z Pipe(F(6))

z Stepup(C{7]-D[7))

z Pipe_Downsqueakz

z Stepup(C{7]-D[7))
Pipe_Downsqueakz
Chiup.
Stepdown_mid

Pipe(Dl6lfemale)

Chiup

(d) Interactive MDS plot

g
e

Figure 2.5: Other components oKoés main section(a) Job lodgement, here the figure shows the

feature extraction section, where the user can lodge a job to extract features from syllables in their

dataset.(b) Interactive force-directed graph, in Kodt is used for sequence analysi&) Multi-grid
system, here the figure shows the main section of the database management p@fjénteractive
multi-dimensional scaling (MDS) plot, in Koet is used for cluster analysis and bulk syllable labelling.
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/I Extend FlexibleGrid to change properties specific to this grid.
class  SyllableGrid extends FlexibleGrid {
init() {
super .init({
grid-name : labelling ,
grid-type : segment-info ,

default-field : label —family ,
gridOptions
D;
}
}
/I Create a new grid to display syllables
export const syllableGrid = new SyllableGrid();

Code block 2: [@ instantiation of the syllable grid used in Segment songs into updtge. [é
SyllableGrid extendsrFlexibleGrid to overwrite specific properties of the syllable grid.

const databaseGrid
const collectionGrid

new FlexibleGrid();
new FlexibleGrid();

const dbAssignmentGrid = new FlexibleGrid();
const versionGrid = new FlexibleGrid();
const syllableGrid = new FlexibleGrid();

Code block 3: [ instantiation of all grids used in the Database managemgege. None of them
extendsFlexibleGrid as the default properties and behaviours BlexibleGrid are sufficient.

components are written as generic classes. A specific page creates subclasses from these com-
ponents to overwrite certain properties or behaviours. [ grid system showcases the strength
of this approach. Each grid is an instance of RexibleGrid  , which is a heavily modified
version of SlickGrid. @ modified version is partly available at https://github.com/fzyukio/
SlickGrid, although most oKoespecific plug-ins are only available iKoés source code.

A FlexibleGrid, as the name suggests, is written in a way that makes it very flexible. It can
be used out of the box, or extended with very little overwriting. For example, Code block 2
shows how the data grid used in the syllable segmentation page (Figure 2.4) is instantiated by
extending theFlexibleGrid  , and Code block 3 shows how all five grids used in the database
management page (Figure 2.5d) are instantiated directly from thexibleGrid . Koés grids

are vastly different from each other, yet can be handled by essentially the same code.

https://github.com/mleibman/SlickGrid
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2.5 Functionalities of Koe

Each step of the workflow presented in section §2.4.1 has a program view tailored to that task.
Figure 2.3b shows the navigation menu Kbewith links to access these pages. As can be seen,

there is almost a one-to-one mapping between the workflow and the organisation of these
links. In this section, I highlight significant features of each program view. [@ coming chap-

ters will go into details of their algorithms and operations.

2.5.1 Upload and segment recordings

In Koethe user can partition raw recordings into individual vocalisation bouts, termed "songs"
(Upload & split raw recordingsw), and segment songs into their constituent acoustic units
(Segment songs into uwigsv). [ tasks are similar; they involve the user selecting start/end-
points of songs or units, respectively, on a spectrogram, then committing the selections to the
database (stored securely on t@eserver). It is up to the user to decide on segmentation
criteria appropriate to their species/question. [@ user can adjust playback speed, spectro-
gram contrast and time-axis zoom. Saved selections become available in other program views.
Acoustic units are not stored as audio segments, but as start/endpoint information referencing
the source song; the user can freely readjust unit segmentation and program views will update
dynamically. For any songs already segmented into units in other software, start/endpoints can
beimported as acsvfile. Pre-partitioned songfiles can also be uploaded directly to the database

in View all songbJsers can grant database access to other users, with custom permission levels.

2.5.2 Extract acoustic features from units

In quantitative analysis, raw signals are often replaced by their compact representations using
a specific set of features, extracted from the signals. Analyses performed on compact represen-
tations can be more effective and computationally efficient. Extract unit featurggew, Koecan
extractawide array of spectral-, tempo- and chroma-related features for bioacoustic anafyses
Extracted features are utilised bifoeo construct ordinations and similarity indices (Sections

§2.5.3.1and §2.5.3.2), and can be exported as csv files for analysis in other software.

8See https://github.com/fzyukio/koe/wiki
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2.5.3 Classify units

Manual classification requires the ability to visually/acoustically compare and label large num-
bers of units quickly.Koeoffers interactive ordination plots, unit tables and class exemplars as

complementary tools for this purpose.

2.5.3.1 Interactive ordination plots

A previously unexplored potential of ordination is to expedite the manual classification of units.
Koés interactive ordination plots (Figure 2.6) incorporate audio playback, spectrograms and
classification functionality, so that a user can simultaneously use their audio-visual perception

of unit similarity and the structure of the data to rapidly and robustly classify units

Figure 2.6: Interactive ordination view allows the user to encircle groups of points on the plot with the
lasso tool, to view their spectrograms and hear their audio. Mousing over a point in a selection
highlights the corresponding spectrogram in the left-hand panel. Selections can be labelled in bulk
directly on the plot or opened as a unit table to view detailed unit information. [é user can zoom,
toggle the visibility of classes, and export the plot as a vector graphic. [is example shows at-SNE
ordination of 7189 syllables of male and female bellbird song.

Koeimplements three ordination techniques: Principal Component Analysis (PCA; (Pear-
son 1901)), Independent Component Analysis (ICA; (Comon 1994)), and t-distributed Stochastic
Neighbour Embedding (t-SNE; (Van Der Maaten and Hinton 2008)). t-SNE aims to preserve

local structure in the data and is particularly effective for defining and discriminating between
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clusters. [@ user encircles groups of points on the plot to see spectrograms and hear playback
of units; if a selection appears acoustically consistent, itis classified in bulk. [@ user cantoggle

visibility of each class independently and can zoom to examine structural detail.

2.5.3.2 Unittables

As a complement to the ordination plot, units can be viewed as an interactive table (Figure 2.7).
Each unit is represented by a row containing spectrogram, audio and associated information
(class label, unit duration, song ID, individual ID, date, etc.). [@ table can be sorted/filtered

by any column. A notable feature is the similarity index, which ranks units based on acoustic
similarity. [@ index is produced as follows: from the raw feature measurements or from the
ordination, Koecalculates pairwise Euclidean distance between each pair of units, then con-
structs a ladderised dendrogram using agglomerative hierarchical clustering (UPGMA) (Sokal
1958). [e order of the dendrogram leaf nodes becomes the similarity index. Sorting by the
similarity index column orders the table so that similar units arrange together, allowing them

to be selected and labelled in large batches

Figure 2.7: Koés unit table is designed for classifying, annotating and filtering units. Each unit row
contains a spectrogram which becomes enlarged during mouse-over. Unit audio plays when a
spectrogram is clicked. (@ table can be sorted/filtered by any columns. Sorting by the similarity index
column arranges units by spectral similarity for expedited labelling.

27



2.5.3.3 Classexemplars

A class catalogue is a useful reference during classificatisieproduces one automatically
in Exemplars view, with exemplar spectrograms and playback for every class, making visu-
al/acoustic comparison easy. [@ catalogue updates dynamically as classification progresses,

displaying 10 randomly-chosen exemplars per class to reflect within-class variability.

2.5.3.4 Classification granularity

Without a priori knowledge of the animal’s perception of units, a researcher must identify
classes and assign units based on their own perception. Classifying units at multiple hierarchi-
cal levels of granularity increases robustness by enabling analyses at different ssalexfers

up to three granularity levels (fine, medium, and broad-scale) for labelling in the Ordination
and Unit table views. For example, the units in Figure 2.7 are labelled at two granularity levels:
the broad-scale Upsqueak family is subdivided at the fine-scale into Upsqueak(harmonic) and

Upsqueak(shrieky).

2.5.3.5 Validate classification through independent labelling

To ensure robustness of manual classification, a common validation method is to have several
judgesindependently label the dataset and calculate their degree of agreement; high agreement
lends credibility to the classification (Nelson, Hallberg, etal. 2004; Parker etal. 2012). Typically,
2-5 judges are used, but robustness can improve substantially with more judges (A. E. Jones
et al. 2001) Koefacilitates independent labelling experiments. A subset of songs/units can be
selected and copied to a new database. [@ database owner grants labelling access to partici-
pating judges, who label the dataset online. [ labels of participants are automatically saved to
the server and are compiled to evaluate concordance (see Section §6.5 for a real-world example

using 74 judges).

2.5.4 Analyse sequence structure

For many animals, songs are comprised of acoustic units ordered into a sequence (Kershen-
baum, Blumstein, etal. 2016). [@ aim of sequence analysis is to reveal patterns in the sequence

structure of songs, whichKoecan do in three ways, outlined below.
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2.5.4.1 Filter songs by subsequence

In View all songs user can filter for songs that contain a certain subsequence of unit labels

(Figure 2.8). 15 could be used to identify all instances of a certain song type, for example.

Figure 2.8: View all songiisplays songs in an interactive table, with one song per row. Segmented
songs (like the example in the top panel) are represented as a sequence of unit labels. Entire songs can
be played, or individual labels clicked for unit playback and spectrograms. Here the filter has returned

all songs containingrrill followed byDragor(highlighted).

2.5.4.2 Discover and visualise vocal patterns using sequence rule mining

As one way of exploring rules that may govern song structure i.e. syntax; (Robert F. Lachlan
et al. 2013)Koeuses the SPADE (constrained Sequential Pattern Discovery using Equivalence
classes) algorithm (Zaki 2001) to discover commonly-occurring sequences in a set of songs.
Two-unit associations from SPADE can be visualised using a directed network. [ network
models the direction and strength of association between pairs of units, across a population
of songs. Units are represented by nodes which are joined by lines (edges) if the units occur
consecutively. [@ order of units is indicated by arrow direction, and strength of association
between units (lift) is represented by edge thickness. Visually cluttered networks can be sim-

plified using the filter, e.g. to show only associations with high lift.
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[bs, Koeoffers pattern recognition and sequence visualisation. If a user desires to make
formal inferences, such as assessing the influence of experimental factors (fixed effects) and
random effects of individuals on sequence structure, sophisticated Markovian frameworks ex-

ist (Sarkar et al. 2018). A user can export sequence data fikmdor external analysis.

2.5.5 Conclusions

Koeis an acoustics tool that provides a seamless workflow for biologist from the input of raw
recording to the final results of feature extraction, clustering analysis and sequence analysis. It
is designed to be flexible for end-user with any level of coding experienteadelivers high pre-
cision results by facilitate manual operations in most of the processes, making no assumption
about the acoustics properties of the vocalisation of any bird species. [is is due to the differ-
ences between birdsongs and human speech, rendering the application of speech processing
techniques on birdsongs unreliable. In the next chapter, | go over these differences and how

they affect the models of sound production/perception when applied to bird songs.
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CHAPTER3

BACKGROUND

3.1 Basic concepts of Digital Signal Processing (DSP)

3.1.1 Soundsare signals recorded as a function of time, but best represented

as a function of time-frequency

A sound is a mechanical wave of pressure which changes over time. As such it can be viewed
as atime series sequence of air pressure. Sound can also be characterised by the frequency (or
frequencies) at which it oscillates. When viewed as a time series, the sound is said to have a
temporal structure: the pattern of energy it carries at a specific pointin time. [is is how audio
signals are recorded and played back by a digital device such as a computer. More precisely,
audio signals are represented as a function of the magnitude corresponding to the variant in
voltage when a sound reaches the microphone. [é plot of this function is called ascillo-
gram or awaveforr(the latter term is more frequently used). [is plot is not always useful as it
does not display any information about the frequency of the sound. [Us, it is far more com-
mon in acoustics to transform the raw audio input (pure time domain) into the time-frequency
domain. [@ visualisation of a time-frequency domain function is called a spectrogram. Fig-

ure 3.1 shows both the waveform (top) and the spectrogram (bottom) of the same bird song for
comparison: elements of the call display clegpectratontents that change from element to

element, while the waveform only shows temporal and amplitude modulation.
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Figure 3.1: Oscillogram (top) and spectrogram (bottom) of a Bewick’s Wteryomanes bewickiing.
FFT parameters: fs=44100Hz, nFFT=512, overlap=256, Hamming window. Copyright: Ted Floyd
(Licensed under CC BY-NC-SA 4.0). Accessiblevaw.xeno-canto.org/318283 . Only one of the
three recorded songs is shown.

3.1.2 Analyse sounds in time-frequency

earliest method to transform signal from a time domain to a time-frequency domain is
the Fourier transform and it is still one of the most used tools in audio analysis. Itis based on
the observation made by the French mathematician Joseph Fourier in the 19th century that any

periodic function can be expressed as the sum of an infinite number of sine and cosine waves.

3.1.2.1 Naive Fourier Transform: the maths

Mathematically, a discrete Fourier transformis a series of filters (a filter bank) where each filter
converts atime series sequence into a single value, which is interpreted as the magnitude of the
corresponding frequency component. Mathematically, the magnitude of th¢h frequency
component,X [K], is calculated as:

X— 1

x[n]e 2" & (3.1)
n=0

1
X[k]l= =
K=
Wherex[n]is the original time series sequence and N is the total number of frequency compo-
nents.

A Fourier transform with N=512 results in 512 frequency components, of which only the first
halfis useful because for sequences of real numbers such as audio signal, the frequency domain

Is always symmetric. Together these 256 components cover the range of frequencies from0to a
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cut-off threshold called the Nyquist frequency, which is expressed in Hz and has value equal to
half the sampling ratefs). E.g. an audio withfs = 10000 samples per second has the Nyquist

frequency of 5000 Hz. [@ k-th frequency component has centre frequency@fg Hz.

3.1.2.2 FastFourier Transform: the practical implementation

Calculating allk components according to equation 3.1 is very time-consuming (it has com-
putational complexity ofO(n?)). In 1965 Cooley and Tukey invented Fast Fourier Transform
(Cooley and Tukey 1965) which reduces the complexi@(to log(n)) and quickly became an

indispensable algorithm in digital signal processing.

3.1.2.3 Short-Time Fourier Transform: the usage

An important assumption the Fourier transform makes is that the time series sequenc®is-
tinuousand stationaryBoth are unrealistic for real life audio signals. Human speech and bird
songs are considered stationary only in short time (typically 20-30 ms (Raju et al. 2012)), thus
anything longer than that needs to be analysed frame by frame, with each frame enclosing a
period of stationary signal. Each frame is typically overlapping with the previous as to not
miss out the fine details between two successive frames. [is gives rise to the technique called
Short-Time Fourier Transform (STFT) that does exactly that. [@ result is not one sequence of
frequency magnitudes but a collection of frame-level frequency components lined up in time.
A visualisation of this two-dimensional data is calledspectrogramwhere analysis in time and
frequency can be dongimultaneously

(@ frame size decides the frequency and time resolution of the spectrogram. A frame needs
to be chosen suchthatitis large enough to cover low-frequency components (that change slowly
hence more samples are required) but small enough to capture fast-changing and short-lived
components at high frequencies. [@ number of frequency bins is (because of symmetry) al-
ways half of the frame size, while the frequency range is entirely dependent on the sampling
rate. [Us the frequency resolution is proportional to the frame size. However, larger frame
size results in poorer time resolution, since the location of short-lived, high-frequency com-
ponents dissolve in a larger time window. [is is known as theprinciple of uncertaintytime-

frequency, which is closely related to the infamotteisenberg uncertainty principloosing an
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acceptable frame size is dependent on the nature of the sound (e.g. the rate of change in human

speech is less than in birdsongs, thus an application of birdsong analysis generally should use
a smaller frame size, although it also depends on the actual species) as well as the performance
constraints (smaller frame size results in more frames, each needs one Fourier transform op-

eration thus more computational power is needed).

3.2 Sound productionand perceptioninbirdsversusinhumans

3.2.1 Birdscanproducetwosoundsatonce, withinawide range of frequency

Studies into the parallels between bird vocalisations and human speech have revealed a num-
ber of commonalities in terms of communication, acquisition and development (Patricia K
Kuhl 1989; P. Marler 1970). Even the effect of social interaction on the ontogeny of vocalisation
repertoires in human babies and young birds is similar (Doupe and P K Kuhl 1999; P. K. Kuhl
2003). [@se parallels exist despite striking differences in the sound producing organs (Riede
and Goller 2010). However, there are key differences between birdsongs and human speech,
making it less straightforward to apply speech processing techniques to birdsongs.

In birds, sounds are produced by the syrinx which is part of the respiratory system and is
located at the caudal end of the trachea. Both sides of the syrinx can function at the same time
and independently from each other which allow some bird species to create two sounds si-
multaneously. In contrasts, the human larynx is located at the top of the throat and can only
produce one sound at atime. However, human can make even more complex sounds than birds
by skilfully coordinating thelarynx tongue, lips and teeth, the ability that is lacking in birds.

Figure 3.2 shows the generalised anatomy of the avian syrinx, illustrating the double voice
mechanism and examples of the double voicing as it appears in spectrograms. [@ir range of
frequency can be much wider than human speech and the rate of change can be much steeper.
(i5 might challenge many well-known techniques used in human speech as to whether they
can be effectively applied to birdsongs. [@ acoustics properties of human speech are more
restrictive than that of bird songs, due to many biological constraints we share as a species.
Human speech typically has fundamental frequency in the range 50-250Hz (male) and 120-

400Hz (female)(Bagshaw et al. 1993), and we don't vary our pitch change much while speaking.
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Figure 3.2: [ bird’s syrinx (a) and spectrograms of some complex sounds birds can make with the use
of their double-voice syrinx, which contribute different spectral content to the sound (red and black
parts). b) A Northern Cardinal’s trill c) A Brown [fasher’s double sweeping tone d) A Wood [fush’s

extremely complex trill with a series of higher-pitch sweeping tones layered above a series of
lower-pitch mini-trills. Figure adapted from https://academy.allaboutbirds.org/birdsong/

[i5 is far less variable than that of a typical bird species.
Birds on the other hand can have several of magnitude wider range of frequency (for ex-
ample, Table 3.1 shows the frequency ranges of several New Zealand bird species as observed

by Priyadarshani (Priyadarshani 2016)) and they have wide-spread ability to make sweeping

sounds that span a large range of frequency in a short amount of time.

Table 3.1: List of species, their call types and frequency range

Species/call type Observed frequency range (Hz)

North Island brown kiwi

Male 500 - 8000
Female 500 - 6500
Ruru
“Trill” sound 500 - 8000
“More” sound 500 - 2000
“Pork” sound 500 - 2000
Kakapo

“Booming” sound 0-800
“Chinging” sound 1000 - 12000
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3.2.2 Birdvocalisationsareacousticsignalsstructuredintimeandfrequency

Birdsong is thought to be hierarchical in structure, able to be divided into different levels of
complexity (Berwick et al. 2011), however the naming of these levels has not been standardised
(@mpson et al. 1994). Given the diversity of bird vocalisations, it is entirely understandable
that finding a one-size-fits-all naming system for all species is difficult and probably useless.
[@re have been attempts in proposing a standardised system of naming such as Shiovitz (1975)
who found 20 terms that were used to describe 10 levels of vocal units in indigo buntings and
proposed to consolidate them into 6 categories. [@mpson etal. (1994) found in addition 9 more
terms and recognised that proposing a rigid naming system is futile. Instead they proposed
to use a formula using three basic units called T, Mr and Ms to quantify any naming system.
However these proposals have not been adopted. [@ common theme however, is to divide a
song into smaller vocal units based on the duration of the units and the silent gaps between
them, based on the discernment of human audition. [@ smallest unit of bird vocalisation is
the “elemerit(sometimes referred to as “note”), which is very short and typically go together
with other elements to form a syllable. In many cases, birds produce two sounds at once using
two sides of their syrinx simultaneously (See section §3.2.1) and each sound is an element with
no gap between them. Syllable is most commonly used to describe the unit that are separated
from other units by a silent gap, although as Kershenbaum, Blumstein, etal. (2016) points out,
changes in acoustic features without the presence of a silent gap can also indicate that a new
syllable has started. A group of syllables or elements often go together in a pattern is a trill,
motif, or phrase. A song can be along phrase or contains multiple phrases. [@ information in
birdsong is encoded in the types of unit present and sometimes their temporal arrangement
(Kershenbaum, Blumstein, et al. 2016).

Inthisthesis, | use the definition of a syllable as defined by Ranjard and Ross (2088Yyllable
is part of a song characterised by a high value of autocorrelation of the signal and with a continuity in
fundamental frequendyitltiple syllables that follow a particular order form a phrase and a song
can contain multiple phrases. Figure 3.3 shows the structure of a typical song of New Zealand’s

North Island saddlebackRhilesturnus rufusgtesing a spectrogram.
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Figure 3.3: Spectrogram of a typical song éthilesturnus rufusatenowing multiple level structure.
(Excerpt of Xeno-canto Media ID #114331 with noise removed for better clarity). [@ black line indicates
the duration of the song, which consists of 6 phrases whose durations are indicated by the red lines.

[@ blue lines indicate the duration of a syllable.

3.2.3 Birds perceive sounds differently from human

An average person can hear sound in the range 20Hz to 20000Hz, however, the sensitivity is
not the same over all frequencies (R. J. Dooling 2004). In particular, the human’s ear is much
more sensitive to changes of pitches at a lower frequency than at a higher frequency. For ex-
ample a difference of 100 Hz between two sounds at 200 and 300 Hz is much easier to notice
than the same difference between 10000 and 10100 Hz. [ is also obvious from the point of
Western musicology: the note one octave above is exactly twice the frequency, forexample Clis
130.8Hz, C2is 261.6 Hz, C3is 523.2 Hz and so on. [@re are 12 semitones in an octave, and the
frequency gap between two adjacent notes are geometrically equal, aboutpém 6%,

but exponential in absolute value. A jump of one octave sounds similar in magnitude no matter
the starting node, even though in absolute frequency (Hz) the jump size differs dramatically.
[is gap gives rise to the notion of critical bandwidth respo(@sicker etal. 1957). A critical band

is the range of frequencies between alower and higher cut-off frequehandf , within which

the cochlear is unable to discern any frequency difference. [@ centre frequency of the b&pd
characterises how eithdr, andf, feels like to the cochlear. [is phenomenon comes from the
uneven distribution of hair cells in the cochlear (a spiral-shape organ inside the ears of verte-
brates). On the basilar membrane, hair cells close to the innermost end &pe) are respon-

sible for detecting low frequencies. And located on the other end, theseare cells sensitive
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to high frequency. In humans, the first 40% of the membrane corresponds to frequencies be-
low 1000 Hz, while the remaining 60% is responsible for a much larger range (from 1000Hz to
20000Hz). Similar frequency mappings are found in the cochlears of other animals (Green-
wood 1990; Von Békésy and Wever 1960), including chicken (also (Manley et al. 1987)) and barn
owl (Koppl et al. 1993).

3.3 Computational models based on sound productionand per-

ception

3.3.1 Model of sound production: the source-filter model

Speech and birdsongs are acoustic signals with a high level of complexity. However, the pro-
duction process is quite simple and could be described usingoarce—filter mod€hiba and
Kajiyama 1958). [i5s model was first developed to show how speech is produced in humans.
In this model, the sound begins as an excitation signal emitted by periodic opening and clos-
ing of the vocal folds (voiced speech) or air flow pushed by the lungs (unvoiced speech). At this
stage, the sound has certain fundamental frequency and accompanying harmonics. [@ sound
travels through the throat where certain harmonics of the sound are suppressed or amplified
by resonating with the vocal, nasal and pharyngeal tract. [é effect of resonance can be seen
on atypical spectrogram of human speech. [@ fundamental frequency in the human voice is
typically much lower than the Nyquist, thus there are many harmonics stacking on top of the
fundamental. However, some harmonics appear with much higher intensity than the other.
[@se are called formantswhich characterise the voice of the speaker, and thus are widely used
for individual identification. On top of that, occasional hisses and popping sounds might be
added to the final product by actions of the tongue, lips and teeth, creates “voiced fricatives”

such agz] and[v]. Mathematically, the model can be written as the convolution of three terms:

the excitation sourcei[n], vocal tractv[n] and radiationr[n]:

y(n)=u(n) v(n) r(n) (3.2)

A visualisation of the model is given in figure 3.4. A similar process of sound production

38



Source Filter Signal

t

t f t
u(n) v(n) r(n) y(n)

Figure 3.4: [@ source-filter model for sound production: signal first originates from the excitation
source - illustrated as harmonic (the upper plot) and/or random noise (the lower plot) - then goes
through an all-pole filtering process and finally exits as the sound we can hear and record. Figure is
used with permission, with modifications. Copyright Hyung-Suk Kim. Accessible at

ccrma.stanford.edu/~hskimO8/Ipc/Ipc.pdf

exists in birds. Existing experiments suggests that the oscillation of tlageral labianside the
syrinxacts as the sound source (Goller and Ole N. Larsen 1997; Ole N Larsen and Goller 1999).
Nowicki (Nowicki 1987) showed conclusive evident of the vocal tract resonance in oscine birds
by putting them in Heliox (air with nitrogen replaced by helium), which alters the fundamen-

tal frequency by 3-5%. Consequently, this breaks the resonance effect, making the harmonics
that used to be suppressed displayed clearly on the spectrogram. Many birds can suppress or
enhance particular harmonics thanks to the characteristics of their vocal tract (Riede, Suthers,

et al. 2006). [@re is also evidence that the head and beak movements play a role in altering
acoustic properties of the final sound (Westneat et al. 1993). [@ similarity of sound production

in birds and humans suggest that using the same source-filter model could be appropriate.

3.3.2 Model of frequency perception: non-linear filter-bank

In section §3.2.3 | pointed out that the hearing mechanism of humans and birds have a similar
structure, that is to have more sensitivity towards changes in low pitch sounds. [is suggests
that a more appropriate representation of sound should also pay more attention at the lower
end of the frequency range. However, the commonly used spectrograms generated from Dis-
crete Fourier Transform has constant frequency resolution, for example: if the input signal is
sampled at 44100 Hz and the number of FFT pointsis 512, the width of all frequency bins will be

FNyquist — 44100512

e = —5- =% = 86:13Hz In order to represent sound with different sensitivity level i.e.

more sensitive to low frequency, there are two common methods used in acoustics: a) rescaling
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the frequency map and b) produce the spectrogram using a non-linear frequency transform,
such as warped Fourier transform or wavelet transform. [@ latter is far less commonly used
due to computational cost involved, whereas the first technique is much more efficient. Itis
just a simple matrix multiplication after acquiring the spectrogram, which is ony(n logn)
complex and readily implemented in most software and even hardware. Rescale is done by
mapping the frequency to a psycho-acoustical scale, such as (commonly) Mel scale, Bark scale,
Greenwood scale, Human factor scale. [@se scales use their own unit such as mel, bark, etc
instead of Hz. Amelon a mel-scale is a unit of pitch that is designed to be perceived by lis-
tener as equal distance one from the other. [@re are more than one formula to convert linear
frequency into mels, most of them map 1000Hz to 1000 mel as a reference point. [é formula

given by (O’'Shaughnessy 2000) is arguably the most popular:

Mel (f) = 1125 In 1+ 7%6 = 2595 log,, 1+ (3.3)

t
700
ABarkscale is not logarithmic but also exhibits incremental space between units. Units corre-
sponding to frequency lower than 500 are mostly linearly spaced. It is formulated by (Zwicker
1961)

Bark (f) = 13arctan(0:00076) + 3:5arctan((f=7500)?)

AR

[kHZ] fNyquist

Figure 3.5: Bark (top) and Mel (bottom) filter bank (not normalised). In bold are two random filters
illustrating the bandwidth response

Afilter bank consists of several triangular overlapping filters with a constant width in mel/bark
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scale (exponential width in frequency) is used to mimic the cochlear’s increasing critical band-
width response. [@ exact position of the centre frequencies and width of each filter varies be-
tween applications. Typically a mel filter bank has 12-20 filters, while a bark filter bank has 24
filters. Figure 3.5 illustrate the difference in bandwidth magnitude of the frequency response
of the two scales. Using filter bank also serves as a dimensionality reduction or a lossy com-

pression.

3.3.3 Model of loudness perception: Equal loudness contour

Similar to the sensation of pitch, the loudness of sound is perceived differently at different
frequencies. However, the relationship between loudness and frequency is a little more com-
plicated. [is relationship is formalised as the function of sound pressure level (SPL) required
to maintain the same loudness level, measure by the ystion over the range of hearing. s
function is called theequal loudness contauth five contours at 20,40,60,80 and 1Qghonil-
lustrated in Figure 3.6. [@se curves are acquired empirically by averaging the equal-loudness
perception of the young participants without significant hearing impairment. [@ point of ref-
erence (phon is the SPL of 0dB at 1KHz and its contour is the absolute threshold of hearing.
[@ sudden “dips” (the red segments) of all contours in the range 2-5KHz correspond to the

frequency range where human ears are most sensitive to.
-
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Figure 3.6: Equal loudness contours according to ISO 226:2003

equal loudness contours are widely used as a preprocessing step, for example in calcu-
lating perceptual linear prediction (Hermansky 1990) or specific loudness (Pampalk et al. 2002;

Timoney et al. 2004). [@ contour values are multiplied with the intensity of the sound at the
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corresponding frequency to compensate for the final loudness perceived by the human ear. [@
use of this technique for animals, particularly birds, is not sufficiently investigated. (R. J. Dool-
ing etal. 1978) measured the perception of loudness in four species of birds and found that they
in general have similar curve-like response as human's, but later concluded that a generalisa-

tion of such equal-loudness contours for all species is not practical (R. Dooling et al. 2005).

3.4 Conclusions

Birds and humans share many acoustics capabilities - hence human can whistle birdsongs and
parrots can mimic human voices. However, the mechanisms of sound production are quite
different, so as the way sounds are perceived. It is not clear how much these differences can
affectthe way birdsong analysis is carried out using techniques and tools that are developed for
speech. s is one of the reasonKoaloes not emphasise on automated processes. In the next
chapter, | discuss the science and implementation of syllable segmentation. [is is one part of

the workflow that is well-tuned for manual processing and also has built-in automation.
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CHAPTER4

SYLLABLE SEGMENTATION

4.1 Introduction

In this thesis, syllable segmentation involves identifying the starts and ends of song syllables
in time. [is process is also called “endpoint detection”. Correctly identifying syllable end-
points is not trivial. Several factors that complicate this process are often encountered in bird-
song recording but can be a challenge to mitigate. [@se factors include: static noise coming
from the recorder, ambient noise from the environment such as running water, wind or the
rustling sound of vegetation, reverberatidnand overlapping vocalisation of other nearby an-
imals. A substantial proportion of birdsong analysis still relies on manual segmentation even
though the authors typically indicate that automatic segmentation is their final aim, for exam-
ple (K. Adi etal. 2010; Z. Chen and Maher 2006; Fox 2008; Franzen and Gu 2003; Chang Hsing
Lee, Han, et al. 2008; Vallejo et al. 2007). Automatic methods for syllable segmentation exist
but new development in this field has stalled since 2009. [is may be due to the emphasis on
species recognition applications in computational birdsong research, which does not require
individual syllables to be segmented precisely, or at all. [@ dominance of segmentation-free
approach can be observed in many recent works on species recognition such as in solutions
submitted to the annual BirdCLEF competition, see Kahl et al. (2019) for a summary. However,

while segmentation may not be necessary for machine-learning based species recognition, it

Isignal energy extending in time pass the point the syllable has stopped being produced, often due to the
reflection of the original signal when it contacts various surfaces

43



remains essential for fine-scale analysis of dialects and individual variation. [ continued im-
portance of segmentation is evidenced by recent methods papers, which introduce segmenta-
tion algorithms (using simple thresholding methods), for example (Barmatz etal. 2019; Zhao et
al. 2017, use signal energy), (Bhatia et al. 2019, use multual information). Nevertheless, a num-
ber of algorithms have been developed throughout the years. In this chapter, | first explain how
manual syllable segmentation is done Koe [@n the discussion of automated segmentation
algorithms follows with an overview of existing methods developed specific to birdsongs, in-
cluding my experimental neural network models. Finally, these algorithms are evaluated using
selected bellbird songs against the ground-truth segmentation that was done manually using

the manual process iKoe

4.2 Manual segmentation in Koe

In Koethere are two types of segmentations: from a long recording (e.g. a few hours) into in-
dividual songs (several seconds to a few minutes, depending on the species), and from a song
into individual syllables. [is section discusses the latter.

Manual segmentation involves the user selecting the start and end points of each syllable on
a spectrogram, then committing the selections to the database. Saved selections become avail-
able in other program views. [@ user can adjust playback speed, spectrogram contrast and
time-axis zoom. For any songs already segmented into units in other software, start/endpoints
can be imported as asv file. Segmentation data created outsid€oecan also be uploaded di-
rectly to the database itUnit tablepage. [@ user can freely re-adjust existing segmentation
and program views will update dynamicall{Xoestores only individual songs on the hard drive.
[@ start and end points of each syllable are stored on the database with reference to the song
they come from. [i5 way not only are storage requirements minimal, but when a syllable is
deleted or has its endpoints changed, the operation will be instantaneous. Figure 4.1 shows

this process in action.
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Figure 4.1: Koes syllable segmentation view showing a song with manually segmented syllables.
highlighted syllable is newly segmented and is in the adjustment process. [@ user can drag the
handles on both sides to change where it begins and ends.

4.3 Related work for automatic segmentation in birdsongs

Syllables in birdsong are typically defined as continuous sounds separated from each other by
a brief silent interval, which is normally found empirically, mostly in the range 50 to 300 ms
(Ondracek and Hahnloser 2013). [is is different from human speech, where a syllable usu-
ally refers to a combination of a single vowel sound and the immediately associated consonant
sound; successive speech syllables need not be separated by a silent interval (Wilbrecht and
Nottebohm 2003). In speech, isolated utterances (words) in clearly articulated speech (each
word is followed by an intentional pause) can be defined similarly to birdsong syllables as hav-
ing sufficiently long silent intervals in between. [@ RS algorithm (Rabiner and Sambur 1974)

is one of the first algorithms developed for the purpose of segmenting articulated words. It
finds regions of continuous high value (above certain threshold) on the amplitude envelope to
mark the start and end points of the voice parts and then use zero-crossing rate for fine tun-
ing. Adaptation of this method to birdsong can still be found in recent works, using constant
threshold such as in (Barmatz et al. 2019; Grol3e Ruse et al. 2016; Jinnai et al. 2012; Lakshmi-

narayanan etal. 2009; Papadopoulos etal. 2015; Qian etal. 2015; Ranjard and Ross 2008), or us-
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ing an adaptive threshold such asin (Somervuo, AkiHarma, and Seppo Fagerlund 2006; Wang
et al. 2013). s approach produces an acceptable result given the recording was acquired in
relatively noise-free environment and all utterances have a similar amplitude.

An algorithm proposed by Harma (Aki Harma 2003) has become widely used to segment
birdsong syllables. Similar to the RS algorithm and derivatives, it operates on the signal en-
ergy. [@ main difference is that the energy is analysed in time-frequency domain to find peak
energy ridges in the spectrogram. Each syllable is identified as the duration of high energy
centered around a local maximum of the energy ridges. [@ energy threshold is relative to the
energy of the local maximum, hence it is adaptive by definition. [ére are several advantages
of this method compared to RS derivatives: 1) RS’s signal envelope does not distinguish voiced
signal (with energy concentrated at a narrow range of frequency bins) with high energy noise
(having energy distributed over a broad range of frequency) 2) an adaptive threshold calculated
based on the energy of the local maximum is simple but effective in detecting faint syllables.
In addition, Harma’'s method requires low computational power (see Section 84.6.3). [ése ad-
vantages explains its popularity in birdsong applications. Itis used in its original form without
modification such as in (Koops et al. 2014; Koops et al. 2015; Chang Hsing Lee, Y. K. Lee, et al.
2006)) or with small adjustments of the stopping criteria (Chouand Ko 2011; Chou and Liu 2009;
Chou, Liu, and B. Cai 2008). However, due to noise insensitivity, it often fails to detect broad-
band “noisy” syllables where the energy is not concentrated in a discrete set of frequencies, but
Is spread cross a frequency range.

An alternative approach to syllable segmentation in time-frequency domain was proposed
where image processing methods were employed on the spectrogram to find regions of inter-
est - contiguous blobs of high pixel values. [@ first algorithm proposed by Fodor (Fodor 2013)
follows the following steps: 1) binary threshold spectrogram at 90th percentile; 2) apply blob
detection on the acquired binary mask to find regions of interest. [@se are contiguous blobs
of “on” pixels which correspond to concentration of energy. Lasseck (Lasseck 2013) significantly
improved the method by employing an adaptive binary thresholding method which he coined
“median clipping”. Blob detection with median clipping - or the “Lasseck’s method” is effective
in picking out the signal that stands out in comparison with the noise profile at each particular

time point and frequency band. Unlike Harma's method, Lasseck’s method can detect noisy
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syllables equally well as it does tonal syllables. However because the signals are found as two
dimensional subsections of the spectrogram image (localised in both time and frequency), sig-
nals with clear harmonic stacks are segmented into several blobs because each harmonic forms
a separate region of high intensity. | proposed an algorithm to solve this problem by utilis-

ing the nature of harmonics being integer multiple of the fundamental frequency (Fukuzawa,
Marsland, etal. 2017). [@ proposed algorithm is able to merge harmonic parts of a syllable into
one and can even separate overlapping signals (e.g. from a different bird), however it requires
a high level of signal to noise ratio.

Several machine learning methods for segmenting syllables have been proposed. Similar
ideas to Lasseck’s method can be found in (Kaewtip, Tan, Alwan, et al. 2013; Neal et al. 2011)
where a supervised machine learning method (Random Forest) was used to perform binary
classification of spectrogram pixels as “belong to” or “not belong to” a syllable. However, there
are several problems with this approach. First, itis far more difficult to create a training dataset
for pixel-level classification, as opposed to simple endpoints of the syllables. Second, multi-
harmonic syllables can end up being fragmented and the process of putting them back as one
syllable isn't trivial, as pointed out in my paper (Fukuzawa, Marsland, et al. 2017). Taking a
different approach, Kaewtip, Tan, Taylor, et al. (2015) isolated spectrogram images of syllables
as templates and used Dynamic Time Warping to find matching segments on the input spec-
trogram. [@ results were than refined using a trained Support Vector Machine. [@ authors
only used 4 templates so it is questionable that this method can work in case of hundreds of
different syllable kinds. DTW is also prohibitively expensive to run in such cases.

Machine learning methods for endpoint detections have also been proposed. Ranjard (2009)
uses a Hidden Markov Model trained on several acoustic features such as auto-correlation and
spectral rolloff to classify each spectrogram frame as “noise” or “syllable”. Inspired by this al-
gorithm, my approach in this thesis is to use even more sophisticated machine learning algo-
rithms and less emphasis on manually finding an optimal set of features.

In the coming sections, | detail the implementation of two existing syllable segmentation
methods, as well as my own algorithms which utilise complex machine learning architecture.
| chose the Harma method - due to its popularity - to represent energy-threshold-based one-

dimensional endpoint detection. [@ Lasseck method is chosen to representimage-processing
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based segmentation intwo dimension. limplemented an algorithm similar to Ranjard’s method
but using a multi-layer neural network and raw spectrogram input to represent a frame-based
machine-learning approach. Finally, inspired by the success of sequence-to-sequence auto-
encoders in applications of speech and time series (Deng et al. 2010; Serban et al. 2017; Yeh et
al. 2019), | evaluated a machine-learning segmentation method using a sequence-to-sequence

auto-encoder.

4.4 Procedural algorithms

4.4.1 Endpointdetection in time using energy threshold: Harma method

original algorithm proposed by Harma (Aki Harma 2003) is as follow:

1. Setthe stopping threshold = 30dB.

2. Convertbirdsongaudioto spectrogramusing FFT. [is spectrogramis atwo dimensional

matrix denotedS(f; t ) wheref is frequency bin index and is time frame index.
3. Repeat steps 4-9 until finish

4. Findf, andt,, such thatS(f,; t,) is the maximum value in the spectrogram. [is posi-

tion represents the maximum amplitude position af™" sinusoidal syllable.
5. Store amplitudeA =20 logio Sfn;t, (dB)
6. ifA< stop

7. StartingfromS(f,,;ty;), trace the maximum peako$(f;t) (@ = 10 logi, max S§(f;t) )

fort>t gandfort<t guntila<A -

8. Store the syllable endpoints 4t,; t¢] wherety, is the begin time corresponding to thé

foundin step 7 where <t o, and vice verse for the end time..

9. SetS(f;t, ! te) = Otodelete the area where the current syllable as been found.
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Algorithm 1: Harma’s method
Data: Spectrogram S(f, t)

Result: L: A list of syllable endpoints
L 1
30(db);
A 20 logio max(S(f;t)) ;
while a do
to argmax (S(f;t));
t, to- 1,
ty to+ 1;
whilemax (S(f;tp)) A- do
ty, tp- 1,
end
whilemax (S(f;te)) A- do
te tet+ 1
end
L L[ [toste];
S(fity! te) 0O;f = 0::Nyquist ;
A 20 logio max(S(f;t)) ;

end

In practice, since only the amplitude of the peak frequency of each frame is used, this al-
gorithm is operating in one dimension by extracting from the spectrogram the dominant fre-
guency ridge and use it as input, see Figure 4.2. [is algorithm is often used as is or with slight
modifications of the global and local threshold values. One problem with this approach is that
decibel is not an absolute scale and can vary depending on the FFT algorithm, so these values
are somewhat arbitrary. In my implementation, first the spectrogram is normalised to have
power spectral density values inrang@- 1]. [@ global stopping threshold is setatO:5and
- 0:2

the local stopping threshold is = ay,
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Figure 4.2: Top: the spectral peak value curve that Harma method uses to find syllables. Bottom:
spectrogram of a bellbird songs where red segments denote ground-truth syllables and green
segments denote results from the algorithm. Although Harma method is written to take two

dimensional time-frequency spectrogram as input, in effect it is operating in one dimensional input

4.4.2 Boundarydetectionintimeand frequency usingimage processing: Lasseck
method
[@ original algorithm proposed by Lasseck, called@Median Clippings as follows:

1. Convert birdsong audio to spectrogram.

2. Remove spectrogram rows representing the relevant frequency below 170 or above 10000

Hz.
3. Gaussian smoothing

4. Binary thresholding according to Equation 4.1
S.c >3 max(medianS); medianS;)) (4.1)

WhereS;.. denotes a pixel value in the spectrogram at row r and column c that is being
thresholded,S is a row of spectrogram pixel values at row & is a column of spectro-

gram pixel values at column c
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5. Morphological removal of spurious pixels and small objects
6. Blob detection (after filling holes)

[@ novelty of Median Clipping is that it uses the median value of a row or a column as a
pseudo-adaptive threshold for each pixel, so that the algorithm can be very fast yet effective
in picking out the signal that stands out in comparison with the noise profile at each partic-
ular time point and frequency band. [@ blobs segmented out using this method have been
used directly as templates to perform template matching on audio recordings with unknown
speciesto detect what species are presentin the recordings, which proved to be quite a success-
ful approach, winning a number of competitions of recognising bird species in audio record-
ings (MLSP, NISP4B, BirdCLEF 2013, 2014, 2015).

[i5 method works well at segmenting out pockets of high energy in the time-frequency
space (generally syllables), however, it is also prone to segmenting out blobs that correspond
to nothing but noise and breaking whole syllables into multiple blobs. It also does not deal
with harmonic syllables and segments each harmonic separately, frequently into smaller and
smaller blobs for higher harmonics as these do not carry as much power as the fundamen-
tal. Figure 4.3 (bottom figure) shows one typical case of this scenario. We found this method
good at dealing with narrow-band noise that frequently presents in the recordings, but does
not segment syllables correctly, either breaking up one syllable into multiple blobs or linking
multiple syllables into a single blob. [is latter result is mostly due to reverberations present
in the recordings that blur the syllables out along the time axis at the end of vocalisation and
effectively creating an overlap with the next syllable.

In order to produce comparable results with Harma and my algorithms which segment sylla-
bles intime only, itis necessary to detect the actual syllable endpoints from separate harmonic
blobs. In my implementation of Lasseck’s method, a simple voting scheme applies to merge

harmonic blobs together. Details as following:

1. From detected signal blobs, construct a binary mask of the spectrogram (havirogvs
and T columns) with blob content given the value of 1 and background gets the value of

0. Figure 4.3 (middle figure) shows an example of this binary mask.

2. Merge blobs that are overlapping in time (e.g. harmonics of the same syllable) by sum-

ming the columns. [@ result is a one dimensional vector with lengti. [@ top figure
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Figure 4.3: Top: accumulated binary mask curve. Middle: binary mask after median clipping. Bottom:
signal blobs found using blob detection where red segments denote ground-truth syllables and green
segments denote results from the algorithm.

of Fig. 4.3 is the result of summing the binary mask given in the middle figure.

3. [@ syllables can now be isolated by finding the points where column sums transition

from zero to non zero and vice verse.
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4.5 Heuristic approaches

Recent development in species recognition is heavily machine-learning based, however ma-
chine learning methods specifically for segmenting birdsong syllables (animal vocalisation syl-
lablesin general) are rare. Pixel-level supervised segmentation can be foundin Neal etal. (2011),
Kaewtip, Tan, Alwan, etal. (2013) and frame-level segmentation using machine learning is doc-
umented in Ranjard (2009). Overall, the classifiers of these machine learning methods have
simple structure. | implemented a generic feed-forward neural network and achieved high ac-
curacy. Finally to tackle the problem of variable length, a more complicated recurrent neural
network was also implemented and produced statistically better accuracy. Both neural net-
works methods achieve higher accuracy than Harma and Lasseck methods, however they are
slower. [@ detailed performance comparisons between these methods are provided in Section
84.6.

[@ neural network approach consists of two phases: the training phase and the application
phase. In the training phase, the model is given a set of input and correct output. [@ input is
typically a one-dimensional array, while the output can be a singular value or an array of values.

[@ model consists of several connected layers of randomly initialised weights that simply
multiplies with the input and the results are used as input for the next layer. [@ initial output
of the model is completely random. [@ correct output is then used to give feedback to the
layers in a process called gradient descent, and the process repeats, each time the weights are
slightly adjusted and the output slightly approaches the correct output.

[@ basic structure of both neural network based methods are as following: the inputks
consecutive spectrogram frames stacked into one dimension. [ outputigkadimensional bi-
nary indicator where 1 corresponds to syllable-positive frames and 0 to syllable-negative frames.
[@ value of k is closely related to the average gap between syllables: if it is too small, the neu-
ral network is prone to random short bursts of noise being recognised as positive. Including
more frames in the input provides context to the classifier and should increase accuracy rates,
but risks overlooking small gaps that nonetheless genuinely separate syllables. Section §4.5.1
explains in details how such neural network can be implemented given a reasonable valye of
and section 84.5.2 shows how a Recurrent Neural Network (RNN) structure can overcome this

issue by not fixing the value df altogether.
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4.5.1 Feed-forward Neural Network with fixed size input

As the each layer of a neural network has fixed number of neurons, a traditional feed-forward
neural network (also called Multi-Layer Perceptron) requires thatthe input has fixed size, whereas
in reality syllables vary in length. [ds, the spectrogram needs to be cascaded into equal-sized

chunks by concatenatingg consecutive frames into one input vector in the following manner:

1. Atthe first framef,, place a window ok frames to encompass all frames in the ranfie

tOfk.
2. Stack all frames in this window into a one-dimensional vector.

3. [@ expected outcome s 1 if the window contains a syllable frame, or O if it contains only

non-syllable frames.
4. To train, fetch this vector and the expected outcome to the neural network.

5. To predict, fetch this vector to the trained neural network and collect the outcome, which

represents the probability that the input contains a syllable frame.

6. Move to the next framd, and repeat until framef,_ «+; wherel is the total number of

frames in the original audio segment.

Figure 4.4 illustrate this process wheke= 2. [ére is aninherentissue with this neural net-
work model, which can be observed quite clearly from the illustration. [@ cascaded vectors are
disconnected from each other as they are independently trained. [@ order in which they are
used to train the model does not matter. Whereas, to determine whether a frame is a syllable
frame or not depends significantly on the adjacent frames. A high valu&kdéssens this dis-
connectedness by providing more context, but significantly increases the size of the network.

In the next section, Section 84.5.2 | discuss how a recurrent neural network can overcome this

issue.

4.5.2 Recurrent Neural Network with variable size input

An RNN is structurally similar to an MLP, except that the neural values of the hidden layer are
circled back to itself in the next training iteration, hence "recurrent”. [@ hidden layer at each

training iteration has information of all the previous samples that it has seen, thus the order
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in which the training takes place reflects the temporal arrangement of the input frames, pro-
vided that they are fetched into the network in the same order they appear. [is way, the input
of a recurrent neural network is effectively all the previous frames combined with no size lim-
itation, however it should be obvious that historical frames have diminishing contribution to
the outcome of the current iteration. [is is intuitively similar to how the perception of sound
works in humans and animals.

One caveat of this approach is that there is nothing that comes prior to the first frame, for
which the hidden layer values can be calculated. [Us a special frame, calta@dRTtoken, needs
to be predefined, and will be the first frame to go into the neural network. [@STARTtoken
is a vector of size equal to that of the hidden layer, with values chosen such that it cannot be
mistaken for a normal frame. For example, if the calculated neural values of the hidden layer
must be positive, or must be within rangg - 1], then asTARTtoken with all negative values
will be sufficiently distinctive. With the correct settings, the RNN can then be trained and used

in the following manner, which is also illustrated in Figure 4.5

1. Initialise the neural network, typically by randomising the neurons’ values.
2. Define thesTARTtoken.

3. [@ expected output of the network at each framé; is the prediction that the next frame

is a syllabe frame (1) or not (0)

4. Atthe first framef ,, fetch the frame values to the input layer. Fetch the outcome of both
the input layer and thesTARTtoken to the hidden layer. Keep a copy of the outcome of

the hidden layer.

5. Do the same for subsequent framés except that instead of thesTARTtoken, use the

values of the hidden layer at the previous iteration.

6. Totrain, use gradientdescentto back propagate the erjgxpectedoutput - actualoutput j)

to the previous layer and adjust their neuron weights.

7. To predict, collect the outcome, which represents the probability that the input frame is

a syllable frame.
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4.6 Dataandevaluation

4.6.1 Data

Ground truth of the segmentation was syllable endpoints extracted from manual annotation
using the programLusciniaand then refined carefully by hand iKoeby several biologists. Only
audio data from fully segmented audio was included. [@se are songs or calls of other birds
in the background that the biologists wished not to include to avoid contaminating data for
sequence analysis later.

Harma and Lasseck methods require no training. To train a machine learning algorithm, 23
audio files with high quality segmentation were selected. [@se files are relatively short, and
contains no additional vocalisations than the syllables that had been segmented by hand. [ése

files are listed in Table 4.1.

4.6.2 Evaluation

[@ segmentation of syllables from bird songs is similar to that of phonemes/isolated words in
running human speech. [Us, we can borrow some evaluation methods for speech segmenta-
tion to evaluate syllable segmentation results. Manual segmentation by trained experts is used
as the baseline for the evaluation. A syllable is defined as the segment within two boundaries
in time. A boundary is deemed “correct” if it falls within the vicinity of one baseline bound-
ary. Several statistical measures can be derived directly from the comparison between base-
line boundaries and segmented boundaries, includibly: the number of boundaries in the
ground-truth; N¢: the number of detected boundaries aridl;;: the number of boundaries cor-
rectly detected. A 50% tolerance applies to judge if the boundaries are correct, i.e. if the correct
segment and predicted segment overlaps more than 50% that counts as a hit. If one correct
segment overlaps with two or more predicted segments more than 50% both, that counts as

one hit. Many scoring schemes have been proposed to evaluate the segmentation result. Some
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Table 4.1; Files used to train MLP and RNN. [@se files come fronkKoés databas®ellbird_ TMISyllable
endpoints are manually marked by Dr. Wesley Webb. Coluni(iy sBows the total length of the file in
millisecond. Columna s shows the number of syllables. Column ' I (s) shows to cumulative
lengths of all syllables.

D

=
File name 1(f) | ng )
TMI_2014 03 20 MMR126_01 FVG. 5329 13 2316
TMI_2015_03_24 MMR291_02_F.G.HIB-BM 6651 24 3022
TMI_2015_10_01_MMRO049_05_F.EX.HY-WM 6278 31 3262
TMI_2014_02_25_MMRO067_01_M.OK.BPUWM | 5047 17 2943
TMI_2013 03_11_MMRO067_01_M.OK.HPu-OM | 3495 10 1495
TMI_2013_03_12 MMRO080_02_M.OK.HPu-OM | 4639 15 1496
TMI_2015 09 _16_MMRO021 03 M.OK.HPu-OM | 5808 6 1526
TMI_2015_10_19 MMRO073_01_M.G.HPu-OM 5465 6 1337
TMI_2014 03 19 MMRO085 01 _M.OK.OW-GyM | 5213 6 1619
TMI_2015_10_19 MMRO74_04_M.OK.RBr-IBM 6610 7 1817
TMI_2013_04_09 MMR137_01_M.OK.YBk-M 3205 13 1477
TMI_2013_05_01_MMR106_01_M.G.G-OM 5258 5 1286
TMI_2013_04_01_MMRO046_01_F.G.YB-GM.(A) 5988 18 3226
TMI_2014 12 19 MMRO087 01 _M.G.HBk-dGM.(A) | 7011 8 2142
TMI_2014_12 31 MMR157_05_M.G.HB-WM.(A) | 5350 6 1592
TMI_2015_02_15 MMRO058_01 M.G.RBr-IBM.(A) | 7011 6 1744
TMI_2015_10 13 CHJ025 03 M.G.RBr-IBM.(A) | 7000 16 2934
TMI_2015_01 04 MMR171_01 F.OK.HR-RM.(A) | 5006 25 2127
TMI_2015_12 14 MMR159 03 _F.G.BO-BM.(A) | 6072 15 840
TMI_2014_12 30 MMR137_01 F.OK.RBr-BM.(A) | 6994 20 923
TMI_2014_12_21 MMR107_01_F.OK.O-IG(Obr-IGM)6358 8 369
TMI_2014_11 02 _MMRO026_02_F.OK.PpB-IBM.(HY) 5121 18 1370
TMI_2014_11 02_MMRO026_03_F.OK.PpB-IBM.(HY) 5041 20 1510
Total 129950 313 42373

of which are listed below:
Hit rate (HR)= Npii=Ng;

Precision (P¥ Npi;=N¢
Recall (RF Npii=Ng
F1score (B 2PR£P+ R)

Where the closerthe F1 scoreisto 1 and R-value is to 0, the more similar the segmentation result

is to the ground-truth.
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4.6.3 Results

Whisker plots in Figures 4.6a, 4.6b, 4.6¢ show the average and two standard deviations of F1,
Precision and Recall scores respectively of 5 different segmentation methods. MLP and RNN
are clearly significantly better than Harma, Lasseck and median-clipped Harma. T-test also
shows that RNN has higher F1 score and precision, however both have statistically similar recall
rates. [@ reason for this slightly better performance of RNN can be explained by RNN being
inherently aware of the temporal relationship between frames, whereas MLP treats all frames

with equal importance.

As stated in Chaper Kods a tool for high-precision analysis, the speed and computational
complexity are of lesser importance. However, future developmeniafewill include making
automatic segmentation accessible to the users, where the algorithms will be running in real
time and thus speed will become more important. In order to assess the speed performance of
these algorithm, | recorded their elapsed time needed to run over each audio file and calculated
the average time it took to process one second of the input file. We can see that Harma method
was extremely fast as expected (on average 0.00016 second to process one second of audio),
and recurrent neural network was the slowest. Lasseck method and Lasseck’s enhanced Harma
method were on par at second slowest. RNN is unsurprisingly the slowest because each frame
must be processed in sequence. MLP on the other hand, is quite fast despite having similar
structure and load time requirements as RNN. [is is because frames are processed indepen-

dently in an MLP and thus with batch processing, they can be processed simultaneously.

4.7 Conclusion

(@ neural network approach appeared to be more effective for the segmentation of bird songs
than other procedural methods. In particular, recurrent neural networks appeared to outper-
form traditional MLP and this can be attributed to their ability to model the dynamics of the
temporal structures of the signal. However, the RNN approach is heavily penalised in terms
of speed due to its complexity, while MLP is significantly faster and only underperforms RNN

slightly. Harma segmentation is unmatched in speed, being several orders of magnitude faster
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than all other methods, in exchange for significantly worse results. However, all of them were

reasonably fast with the slowest (RNN) still clocking at 70 ms per second of audio file. Where
computational power is severely restricted, for example, in remote/handheld devices, Harma
might still be useful. In most computers nowadays however, the neural network is obviously a

wiser choice.

Comparison aside, itisimportant to note that none of these algorithms outperforms manual
segmentation, or even come close to that. For high precision analyses, which is the aim of
Koemanual segmentation is still irreplaceable. [ precision of segmentation is important for
the next step of the workflow: feature extraction, as many features are end-point sensitive. In
Chapter 5 that follows, | present features that are extractable uskgg including those most
commonly used in acoustics as well as useful features that were previously only implemented

by proprietary software until the introduction oKoe
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Figure 4.4: A simplified process of syllable end-point
detection using multi-layer perceptron with fixed size input.
a) Spectrographic representation of a syllable, with silent
gaps at both ends.
b) Concatenaté& frames into one vector. Herek = 2.
c¢) Each vector is fed into the neural network. [@ neural
network is visualised repeatedly for each input, but keep in
mind that there’s only one neural network. For simplicity, the
neural network has three layer§)! @! @ circles
represent the input, hidden and output layer, respectively.
d) [@ output of each vector indicates whether the original
inputis syllable-positive (1) or syllable-negative (0). Notice
that the number of outputisk - 1 less than the number of
original frames, due to concatenation. [@ output of the first
k - 1framesis defined typically to be 0, as a bird song
typically starts with a brief silence before the first syllable
starts. Here, the number 0 in red indicates that the first
frame in this example is defined to be syllable-negative.
Syllables endpoints coincide with the begin and end of a
string of positive output.
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Figure 4.5: A simplified process of syllable end-point
detection using recurrent neural network with variable size
input.
a) Spectrographic representation of a syllable, with silent
gaps at both ends.
b) Each frame is fetched into the neural network. [@ neural
network is visualised repeatedly for each input, but keep in
mind that there’s only one neural network. For simplicity, the
neural network has three layer§)! @! circles
represent the input, hidden and output layer, respectively.
However, the values of the hidden layer are also used as the
input to itself in the next frame. For the first frame, a
predefinedSTARTtoken( ) is used in place of the previous
hidden layer values.
c) [e output atindex i indicates whether the next framé;. 1
is a syllable frame (1) or not (0).
Syllables endpoints coincide with the begin and end of a
string of positive output.
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Figure 4.6: Mean and two standard deviations of specific scores of different segmentation algorithms
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CHAPTERD

FEATURE REPRESENTATION

5.1 Introduction

Birdsong audio signals are stored on a digital device as a series of air pressure values sampled
at equal intervals which can then be used to reproduced the original sound. [is series of air
pressure values inits raw formis oftenill-suited to study complex vocalisation due to its inabil-

ity to present properties of sounds in a meaningful way. In order to be used in any computer
algorithm, birdsong syllables must first be represented in a feature space that facilitates math-
ematics operations. An ideal feature representation does not only present sounds in a lower
dimensional space but also captures only relevant acoustic information while being invariant
to background noise.

Figure 5.1 illustrates the general process of feature extraction. [ majority of acoustic fea-
tures are frame-based: a fixed-length window is progressively slid across the original signal,
capturing a segment of sound that is short enough to assume that it is stationary; then one
value (scalar or vector) is calculated from that segment. A long signal has more frames than
a short signal, making their feature vectors have different lengths. Birdsong syllables almost
always have different durations, so in general their feature vectors have variable length. [is
complicates the comparison between syllables as many algorithms (for example: Euclidean and
other L, metrics, most neural network architectures, most dimensionality reduction meth-
ods) require the input to be of the same size. It is therefore necessary to standardise feature

length before they can be used in further analysis. Common standardisation methods include:
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extracting statistics such as minimum, maximum, median, standard deviation; resampling

sequences; and using edit distance algorithms such as DTW to calculate pair-wise similarity

values.

Original signals Extract feature

Figure 5.1: Workflow of various acoustic feature extraction from bird song

Acoustic features are very diverse, and in many studies new features catering to specific
species and environmentare proposed spontaneously. Inthis chapter, I first presentan overview
of features that are frequently used in birdsong analysis. [is is followed by standardisation
methods. Finally, | demonstrate how feature extraction and standardisation are performed

and implemented irkoe

5.2 Acoustic features

Most acoustics features used in birdsong analysis are borrowed from speech processing. A
large number of acoustic features have been proposed over time: early features were proposed
to reflect human-perception of sound such as “brightness”, “highness”, “noisiness”, “flatness”;
later more complex and abstract features such as MFCC and Wavelet coefficients became more
mainstream.

Mitrovic et. al.(Mitrovi¢ et al. 2010) studying content-based audio retrieval have come up
with a novel taxonomy of acoustic features based on the origin and methods to extract them.
By organising acoustic features into meaningful groups, their taxonomy facilitates the selec-
tion of features for particular tasks. Mitrovic et. al.'s taxonomy includes several domains, in
which time (temporal), frequency (spectral) and quefrency (cepstral) are most used in speech
processing and animal acoustics. Other domains such as modulation frequency, phase and

eigen domains contain features that are mostly useful for music analysis and are thus excluded
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from my research. | arranged their taxonomy into two groups: descriptive and abstract.

5.2.1 Descriptive features

Descriptive features include time domain and the perceptual subdomain of the frequency do-
main. [@ majority of these features are one dimensional and named to reflect human percep-

tion of sound. [@se features are listed in Figure 5.2.

c c
T LS _
£ S IS Family Features
g 8
croggci)n || ZC Rate; Linear Prediction ZC Ratio; ZC Peak

(ZC) g Amplitude (ZCPA); Pitch Synchronous ZCPA
d Amplitude | MPEG-7 Audio Waveform de-

P scriptors; Amplitude descriptors

Short-Time Energy; Loudness; MPEG-7 Tem-
poral Centroid; MPEG-7 Log Attack Time

—1 Brightness Spectral Centroid; Sharpness; Spectral Centre

Power

i

Bandwidth; Spectral Spread; Spactral Dispersion;
— Tonality — Spectral Rolloff Point; Spectral Flatness Measure;
Tonality Coefficients; Spectral Crest Factor; Entropy;

Loudness Specific Loudness Sensation; Integral Loudness

Perceptual

Pitch Fundamental Frequency; Perceptual Pitch

Harmonic Ratio; Upper Limit of harmonicity; Harmonic
Coefficient; Inharmonicity; Harmonicity Prominence;
Harmonic Concentration; Harmonic Energy Entropy;

Harmonic Derivative; MPEG-7 harmonicity descriptors

L Harmonicity

Figure 5.2: Taxonomy of descriptive acoustic features.

5.2.1.1 Time domain features

[@ time domain represents changes in air pressure when the sound reaches a microphone,
which is measured by voltage value. Features in this category are necessarily extracted directly
from the oscillogram without any transformation. s, they tend to have excellent time reso-

lution and low computational cost. Common time domain features include:
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Zero-Crossing features: the main feature is Zero Crossing Rate (ZCR) which measures
how many times the voltage values change sign, formally defined as the number of zero
crossings within one second, and is an efficient way to approximate the dominant fre-
quency (Kedem 1986). Related features incluidear Prediction Zero Crossing REUCR),
Zero Crossing Peak AmplifdedPA) was proposed to extract frequency information, in-

cluding intensities from the zero crossings without Fourier transform.
Amplitude: is the absolute value of the signal’s waveform

Power: includesShort-time ener{fyTE) defined as the mean square of the amplitude over
a period of time andvolumer Loudnesiefined as the root mean square of the amplitude
over a period of time.Log Attack Tim&AT) is the logarithm of time duration from the

beginning of the sound to the point where the envelope reaches its first maximum

5.2.1.2 Frequency domain perceptual features

Frequency domain has the largest group of acoustic features, which can be further divided into
two subdomains: physical (discussed later in Section §5.2.2) and the perceptual. Perceptual
features are derived from human's perceptual of sound, thus they are often expressed in lan-
guage terms that are intuitive to understand. All features in this group are extracted from the

magnitude part of the spectrum.

Brightness refers to the tilt of power towards higher frequencies, i.e. a sound becomes
brighter when more energy is concentrated in high frequencies. Brightness features
characterise the distribution of power over the frequency spectrum. [@se features in-
clude:Spectral Centragthe centre of gravity of the spectrum, calculated as the weighted
mean of the frequencies using their normalised magnitude as weigt&pgectral Centise

the frequency where half of the energy in the magnitude spectrum is above and half is
below. Itis one instance oSpectral Rolloff Pgiwhich is defined as théN% percentile of

the power spectrum. In practice, the value ®f is usually at the higher end (85, 95, etc).

Tonality: isameasure of relative pitch strength of the perceived pitch of a sound. Tonality
features include:Spectral Flatness Meag8FéM), also known ag/iener entropg a mea-

sure of the noisiness of the spectrum, where higher values correspond to a more uniform
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distribution of power over all frequenciesSpectral Crest FadiSCF) bears the opposite
meaning to SFM, in other words it measures how peaky the spectrum is. A noisy spec-
trum has a low value of SCF compare to a clear tonal spectrum. It is calculated as the
ratio of the peak over the mean frequency value. Similar to Wiener entropy Stean-

non entropyRenyi entropBandwidti{BW), a.k.a.spectral spreadusually defined as the
magnitude-weighted average of the differences between the spectral components and

the spectral centroid.

Loudness: measuresthe human's sensation of the magnitude of the sound whenitreaches
the ears. Loudness features are usually computed with respect to perceptual sepke.

cific Loudnegsoposed by Zwicker (Zwicker etal. 1957), is defined as the loudness caused
by excitation of the auditory system over one single perceptual scale m(uthich can be

Mel, Bark, rectangular, etc.Yotal Loudnesta spectrum is the sum of atbpecific Loudness

over the perceptual scale.

Pitch: is widely used in many areas of acoustic analysis and in different contexts can re-
fer to either theFundamental Frequeorthe perceived sensation of the auditory system.
Pitch determination is not a trivial task. A number of methods have been proposed for
pitch extraction. Acomprehensive review of these methodsis done by Hess(W. Hess 1983;
W. J. Hess 1992). In this study, | use the tedrAundamental Frequeimstead of pitch to
avoid ambiguity.Fundamental Frequeftey) is the lowest frequency of a harmonic series.
It concurs with the rate of oscillation of the sound source. [@ FF is the same as the dom-
inant frequency in case of pure-tone signals, which makes it relatively straightforward
to determine. However, this is not the case with speech and many bird’s vocalisations,
which produce complex sound (having harmonic structure). [@ fundamental frequency
of a harmonic series can be determined as either the lowest harmonic or more reliably
(in the case of missing fundamental) by finding the largest common denominator of the

harmonics.

Harmonicity: relates to the proportion of harmonic components in a signdflarmonic
Ratio(HR) is the ratio of harmonic power to total power. [ formula to calculate har-

monicity is given in the MPEG-7 specification (Kim et al. 2006, Pg. 33)
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5.2.1.3 Use of descriptive features in related work

Use of frequency features in the "descriptive" class is very limited in the analysis of birdsong.
Fundamental frequency is one exception that can be found being used on its own in early stud-
ies, for example: (Z. Chen and Maher 2006; Franzen and Gu 2003; Ito et al. 1996; Jancovic et
al. 2013). Often several descriptive features are used together; for example in analysis of song
development (Derégnaucourt et al. 2005; O. Tchernichovski et al. 2004) and comparing calls
of brood parasite (Ranjard, M. G. Anderson, et al. 2010). However, manually selecting a set of
features isad hodn nature and should be discouraged. A slightly better approach is to include

a large number of descriptive features and hope that a machine learning model will learn to
assign more weights to more relevant features. Studies that used only descriptive features in
this way are rare, examples are (Acevedo et al. 2009; Myron C. Baker and Logue 2003; Z. Chen
and Maher 2006). Often when feature selection is involved, descriptive features are used in

addition to abstract features such as MFCCs.

5.2.2 Abstract features

(@ abstract feature group, which includes cepstral domain and the physical subdomain of the
frequency domain, are features that are only meaningful mathematically i.e. they don't map

onto human perception of sound. [@se features are listed in Figure 5.3.

5.2.2.1 Frequency domain physical features

Physical features are mechanical properties pertaining to audio signal in general and not to
human perception, therefore it is often not possible to assign semantic meanings to these fea-

tures. Features in this group include:

1. Multi-resolution features are coefficients of Wavelet transform and related transforma-
tions. [@se coefficients can also be used to construct a scalogram - a multiresolution
spectrogram. Existing features extracted from a spectrogram can also be modified to be
extracted from a scalogram. In addition, there are unique features of wavelet transform

coefficients such aBoubechies Wavelet Coefficients His{@h&oH) (Li et al. 2003).

2. Spectral features are calculated from the spectrogram, they includgubband Energy Ra-
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Figure 5.3: Taxonomy of abstract acoustic features.

tio(SER) oSpectral Subband Energy R&&&ER), defined as the ratio of the sum of energy

in one subband over the total energy of the whole spectruipectral FI(SF) isameasure

of the changes in the shape of the spectrum over time. SF is computed as the Euclidean

(L?) distance of two consecutive spectral frames with normalised PSpectral slogs the

slope of alinear regressior(f) = slope f + intercept wherex(f) is the magnitude

function andf is the frequency value.

5.2.2.2 Cepstral domain features

Cepstral analysis operating on the cepstral domain is a technique developed by Bogert et al.
(1963) to distinguish between earthquakes and underground nuclear explosions. [istechnique

originated from the observation that the echoes of an explosion have clear harmonic structure

while seismic activities do not. [is makes it ideally suited to the study of natural sounds that

also have harmonic structures. One of the most frequent applications of the cepstral domain is

in calculating cepstral coefficients (CCs). CCs are simply the firgalues of a cepstral series,

whichisthe result of Fourier transforming the power spectrum. Most used cepstral coefficients
include Mel Frequency Cepstral Coefficients (MFCC) and Linear Predicted Cepstral Coefficients

(LPCC). [@ number of coefficients, which is also the number of dimensions of the extracted
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feature, is often a configurable parameter. [@ mathematical details of calculating MFCC from
acoustic signal can be found in Sahidullah and Saha (2012). For LPCC, first the parameters of
Linear Predictive Coding (LPC - a model based on the source-filter model as presented in Sec-
tion §3.3.1) are extracted from each sound frame, then either the Auto-regression or Levinson-
Durbin recursive algorithms are used to derive their cepstral coefficients. Algorithmic details

of both methods can be found in Zbancioc and Costin (2003).

5.2.2.3 Use of abstract features in related work

[@ most widely used are MFCC and LPCC, which are based on the human’s perception and
production of sound, respectively. As mentioned above, when feature selection is involved,
often descriptive features and abstract features are used together. Examples of this approach

can be found in Somervuo, Aki Harma, and Seppo Fagerlund (2006), Seppo Fagerlund (2007),
Gunasekaran and Revathy (2010), Lasseck (2015), Lasseck (2016). Abstract features are also used
on their own without mixing with descriptive features, for example using MFCC only: Kwan et

al. (2004), J. Caietal. (2007), Graciarenaetal. (2010), Weninger and Schuller (2011), Koops et al.
(2014); LPC only: Selouani et al. (2005), Juang and T. M. Chen (2007); Wavelet coefficients only:
Sun et al. (2013); Wavelet and MFCC: Chou and Liu (2009); MFCC and LPC: Ranjard and Ross
(2008), Lakshminarayanan et al. (2009), Fodor (2013). A number of studies also use modified

versions of MFCC to make it less tied to human perception. Such modifications include:

Using a different scale than Mel-scale, for example Human Factor Cepstral Coefficients
(GFCC): Wielgat et al. (2007); Bark-frequency Cepstral Coefficients (BFCC): Boulmaiz et
al.; Mitrovi€ et al. (2016; 2006); Greenwood function cepstral coefficients (GFCC): K. Adi
etal. (2010)

Adjusting MFCC's parameters, for example: adjusting the bandwidths of the mel filter-
banks: Shannon and Paliwal (2003), Ranjard and Ross (2008); bypassing the decorrelation
step: Stowell and Plumbley (2014).

MFCC appears to be the most widely used. [é reason for using MFCC in birdsong appears
to be simply due to its successful in speech analysis. Attempts to evaluate MFCC using bird

sounds as data have been made but drew mixed conclusions. Chang Hsing Lee, Y. K. Lee, et
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al. (2006) and Chou and Ko (2011) found that MFCC outperforms LPCC, Fox (2008) found lit-
tle difference between MFCC, BFCC and LPCC. Between MFCC and statistical features, Seppo
Fagerlund (2007) found that MFCC performs better although a mixture of both works best,
while Briggs, Raich, et al. (2009) found that spectral density outperforms MFCC. Comparison
between MFCC and BFCC showed no significant differences in speech (Shannon and Paliwal
2003) and animals (Boulmaiz et al. 2016), but Skowronski and Harris (2004) found that GFCC
IS more robust to noise in speech recognition tasks.

A thorough comparison of all acoustics features for birdsong is still lacking, but it is highly
unlikely to yield any universally "best" feature set. Due to the diversity of vocalisation between
different species, each feature may be more suitable for one species and less effective for others.
Rather than attempting to establish a broad claim about what the "best" features are, itis wiser

to perform feature selection on a case-by-case basis using empirical evidence.

5.3 Feature length standardisation

Syllables vary in length; even syllables of the same type will be sung at slightly different length
for each utterance. [@ lengths of the feature vectors are therefore proportionally unequal. [is
makes it difficult to express syllables efficiently as points in a finite dimensional vector space.
However, a vector space where data points can be differentiated by their relative positions is
a fundamental process of many computational analyses. Often there is no natural way to cal-
culate the distance between two vectors of different lengths. [is difficulty is increased when
dealing with sequential data, such as birdsong syllables in this case, because the structure ofthe
underlying process is often hard to infer (Bicego et al. 2003). For most computer algorithms,
itis necessary to perform standardisation of input length as a preprocessing step. [is step is
intrinsic even in algorithms that were proposed to process variable length input directly.
Inastudy onsequence dataclustering, Bicego (Bicego etal. 2003) identified three approaches
to feature length standardisationfeature-basedroximity-baseahd model-basede feature-
base@pproach extracts a set of features that captures the dynamics of the temporal pattern.
Proximity-basegbproaches aim atdevising a similarity or distance measures between sequences
regardless of their difference in length. Finally, imodel-basegproaches, the main effort is to

find an analytical model (or a set of models) that best fits the data, through which each sequence
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can be mapped to a data point in a latent space. A similar categorisation is found in (Ye 2003)
where two approaches are identified based on whether an assumption can be made regard-
ing the source or method of generation of the sequences. @iscriminative approaciakes no
such assumption, thus it is equivalent to the combination tature-basaed proximity-based
whereas thegenerative approaldes thus is equivalent to the model-based approach. Based on
these studies, | identified four categories of feature length standardisation methoaggrega-

tive methogdsnage descriptive methdatsionary methgdshd model-based methods

Forimage descriptive methimdage processing techniques are applied to detect blobs of high
energy (regions of interest - ROI) in two dimensional representations (e.g. a spectrogram, for
example in (Briggs, Lakshminarayanan, et al. 2012; Ruiz-Mufioz et al. 2015) or a Wavelet scalo-
gram (Seppo Fagerlund 2007; Selin etal. 2007)), from which a number of descriptors can be ex-
tracted. However, these methods can only work under the assumption of high energy to noise
ratio, such that within the end points of a syllable, only one ROl is found. s, itis not gener-
ally applicable to birdsongs, especially those with high harmonic structures.

For dictionary methqgdsyllables are represented by their proximities to a set of representa-
tive templates (aictionaryvhere each template iseodewoydProximity can be calculated using
methods such as Dynamic Time Warping (Chu and Blumstein 2011; Kogan and Margoliash 1998;
Ranjard and Ross 2008; Somervuo and AkiHarma 2004), spectrogram cross-correlation(Myron
C. Bakerand Logue 2003; Lasseck 2013; Lasseck 2015; Potamitik 26&aps (Briggs, Raich,
et al. 2009; Somervuo and Aki Harma 2004; Wellock and Reeke 2012). | identified several is-
sues with these methods which make them ill-suited for the multi-user and highly interactive
nature ofKoe First, the dictionary is specific to one species thus the results are not compara-
ble between species. Second, the quality of these methods depend very much on the proximity
method. Finally, proximity measures are slow and exponentially so as the size of the dictionary
increases.

Foraggregative methgi@sture vectors are stretched or squeezed to a fixed length. If there
are little changes in the acoustic properties of the syllable frames, the syllables can be assumed
stationary. In this case, they can be aggregated ussignmary methodsd temporal order of
frames is completely discarded. [@ assumption of stationary is true in limited cases, such as

insect sounds. However, it is not uncommon to see studies of birdsong to make this assump-

72



tion, either implicitly or explicitly. On the other handyesampling methqusform stretching or
squeezing the feature sequencesto asetlength. [is approach is more acceptable tuanmary
methodss it is justifiable to assume that during a small number of frames, the acoustic prop-
erties are close to stationary. IKogboth summary methoasdresampling methats available
to the users. More details are given in Section §85.3.1.

Formodel-based methdeisture vectors are converted to a representation in latent space by
a heuristic model (which involves training), such as Hidden Markov Model (HMM) or Neural
Networks. [Mough training, these models are able to learn the temporal structure of the syl-
lables one time step at a time and build a low fidelity representation of the entire duration in
their core (the hidden layers of a neural network, or the hidden states of a HMM). Because the
core has fixed length, the low fidelity representation is also fixed length. [dough this process,
a syllable of any length can be compressed into a data point in latent space, where its temporal
structure is abstract but not lost and its acoustic properties are abstract but not distorted. [is
IS intuitively very similar how our brains form a rough idea about a sound we hear, no matter
how long or shortitis. InKoethis type of feature length standardisation is not yet available to
the front-end user, however initial experiment shows promising results. More details are given
in Section §85.3.2.

However, onlyaggregative methads available t&oés usersModel-based methardsexper-

imental but showing promising results.

5.3.1 Aggregative methods

[is category expands the definition of feature-baségt (Bicego et al. 2003) to include methods
that discard the temporal order of syllable frames. If there is little change in the acoustic prop-
erties of the syllable frames, the syllables can be assumed stationary. In this case, they can be
aggregated usingummary methodsd completely lose the order of the frames. On the other
hand,resampling methqasform stretching or squeezing the feature sequence to a setlength -
through which process the frame orderisn't completely lost, but distorted. [@ last set of meth-
ods, named theegion of interest (ROI)-descnp&tihods, involves image processing techniques

to detect the area with high concentration of acoustic signal and then use description of this

area to represent the signal. [@se methods can only be used if the primary feature value has
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spectrogram-like visualisation, such as spectrum, wavelet coefficients and MFCCs.

5.3.1.1 Summary methods

Simple statistical properties that summarise the whole acoustic feature sequence are surpris-
ingly common in birdsong analysis. In the majority of studies that employed these methods,
abstract acoustic features such as MFCCs tend to be the only source or one of the sources from
which statistical properties are calculated. Means and variances of descriptive features and
mean MFCCs were used in Seppo Fagerlund (2004),Fagerlund and Harma (2005),Seppo Fager-
lund (2007),Evangelista et al. (2014),Qian et al. (2015). Average, min, standard deviation of
MFCCs and Mel spectra were used in Stowell and Plumbley (2014). Koops et al. (2014) used
only MFCCs but aggregated in three different ways for comparison: only mean; mean + vari-
ance; mean + variance, speed (first derivative), acceleration (second derivative) and means +
variances of three equal segments (to be explained in Section §5.3.1.2). Myron C. Baker and
Logue (2003) used the center spectrogram frame of the syllable. Very rarely, statistical proper-
ties of a single descriptive feature were used, for example: Z. Chen and Maher (2006) extracted
12 properties of the dominant frequency sequence. Figure 5.4 illustrate the process using an

example of two unequal length feature sequences being summarised by average.

, 1 4 -

1 2 3 4 5 3 2 3 5 3
10 20 | 30 | 40 | 50 30 6 7 8 7

Figure 5.4: Two two-dimensional sequences of different lengths (left and right) summarised using
average into two-dimensional feature vectors of the same length (length=1)

5.3.1.2 Resampling methods

Resampling methods for length standardisation often take the form of subdividing the feature
sequence into a fixed number of equal-length subparts before applying summary methods in
the section above. [is approach is a middle ground between discarding temporal informa-
tion and keeping it intact. [@ level of distortion of the temporal information following this
approach depends on the number of subparts the syllables are divided into. [@ number of

subparts is three in Pozzi (Pozzi et al. 2010), Chen (W. P. Chen et al. 2012), and Koops (Koops
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et al. 2014), eight in Acevedo (Acevedo et al. 2009), while in Nanayakkara (Nanayakkara et al.
2007) this number is 20. Figure 5.5 illustrate the resampling process using an example of two

unequal length feature sequences being resampled by using average of three subparts.

[ | | | Y Y Y
1o 23 )21 2215 4131 | 2. 1.2 1 4
10 | 20 | 30 | 20 | 20 | 20 | 50 | 40 . 30 20 | 20 | 40
[ | \ | Y Y Y
,,,,, 1 202 2] 4 3 2 2 ] 35
10 20 | 20 . 20 | 40 @ 30 15 | 20 | 35

Figure 5.5: Two two-dimensional sequences of different lengths (top and bottom) resampled using
average of three subparts into two-dimensional feature vectors of the same length (length=3).
colours represent the correspondence of subparts’ original value and final value after resampled

5.3.2 Model-based methods

In this section | review neural network-based methods and follow up with the implementation
of an auto-encoder irKoe Hidden Markov Model is a viable choice, however it is not used in
Koe Example of works that used HMM for syllable standardisation can be found in Lakshmi-
narayanan et al. (2009), I. F. Chen and Chin Hui Lee (2013) and Levin et al. (2013).

Recently, deep learning has been used for encoding acoustic data into fixed-size vectors. For
supervised learning: Maas et al. (2012) trained a regression CNN using acoustic sequences as
input and semantic decomposition (such as bags of phonemes) as output. Kamper et al. (2016)
used a Siamese network to encode a pair of acoustic sequences and minimise or maximise a
distance depending on whether a pair comes from the same or different classes. Inboth of these
works, variable length inputs were normalised (by dividing into 4 subparts in Maas et al. (2012)
and by zero-padding in Kamper et al. (2016)). True handling of variable length input starts with
G. Chenetal. (2015) uses Long short-term memory (LSTM) to obtain whole word embeddings

for a query-by-example search task. For unsupervised machine learning, Chung et al. (2016)
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and Shen et al. (2018) used sequence to sequence auto-encoder (SA) to train a recurrent neural
network (RNN) to reconstruct audio segments. [@ hidden layer is used to encode arbitrary
length sequences into fixed-size representation. Values of an encoded input in this hidden
layer are said to be coordinates of a latent space, and can be used to reconstruct the original
sequences undistorted at their full length. Recall Figure 4.5 and the RNN model presented in
Section 84.5.2, there an RNN is trained to predict whether the next frafés a syllable frame
(expected output 1) or not (expected output 0). An auto-encoder is very similarly structured,
except that the network is trained to predict the value of the next frame (expected output is
vectorfi, ;). Once trained, the RNN can be considered a pair of encode-decoder network. From
the input layer to the central hidden layer is the encoder, and from the central hidden layer to

the output later is the encoder, as depicted in Figure 5.6.

X X X X

___________________________

f
E
E

Acoustic features | X, X, X,

Audio segment —*’-

Figure 5.6: An audio auto-encoder is a recurrent neural network (RNN) with two parts: an encoder and
a decoder. An audio segment of arbitrary lengthhas acoustic feature sequenge= ( X1; X2; :::Xn).
[@ encoder encodes this sequence in a fixed-size vector (magenta block) and the decoder decodes this
vectorto anew sequence= (y1;Y2;:::yn). [ trgining process is to minimise the reconstruction
errorMSE = = L o(Xi - Yi)?

Decoder

____________________________________

Normally, an auto-encoder will have more than one hidden layer, and the structure of the
neural network is symmetric, i.e. two parts have the same number of layers and the number
of neurons at each layer, except the directions of connection are opposite. Given a syllable as
input, the information encoded at the central hidden layer can then be use to reconstruct the
essence of the original syllable. A recent work using the same neural network structure for
similar type of data is by Yeh et al. (2019) where they trained a time-series auto-encoder to re-

construct factory plant’s sensory data for fault prediction. When compared to other machine
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origi recon origi recon origi recon origi recon

Figure5.7: Side-by-side spectrograms of sample original syllables (origi) and their corresponding

auto-encoder reconstruction. Auto-encoder structure is: 257 (input257 128 257 257 (output).
Training samples are syllable end points and audio data from the same files listed in Table 4.1.

learning methods, the auto-encoder appeared to be more effective especially in case of dataim-
balance. Inspired by successful operation on time-series data, | implemented an auto-encoder
in Koeas an experiment to test how well it performs on audio data. Although this is still exper-
imental, the results are very encouraging. Figure 5.7 shows spectrograms of several original
syllables and their auto-encoder reconstruction side by side. We can observe that the auto-
encoder is able to capture the essence of the syllables while being relatively noise-proof. [is is

the proof of concept necessary to justify bringing neural networkskoés client side.

5.4 Implementation in Koe

5.4.1 User interface

In Koe feature extraction can be found under submenu "Extract features and compare". @
page, shown in Figure 5.8, is a control panel where the user can select any combination of fea-
tures, then any combination of aggregative standardisation methods and then submit the job
to Koés task queue where it will be picked up once aworker becomes available. [is is necessary
as feature extractionis atime and resource consuming task. Once ajobis done, the user will get
a notification via email. [ finished job can be used as input for other analysis or downloaded

(as a binary file) to be used in other software.
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Bellbird_TMI: Bellbird_TMI_female_song_added_syllable_changes_9-11-18 | Completed v
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Name

Bellbird_TMI_female_song_added_syllable_changes_9-11-18

Download Submit

Figure 5.8: Main panel ofKoésFeature Extractipage. User can choose any combination of features,
and any number of aggregative standardisation methods. [@ user can name the job submit itoés
task queue. Once finished, the results can be downloaded as a binary file.
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5.4.2 Koes task queue

Koeemploys Celery (Solem 2016) to manage and execute distributed tasks in the background
independently from the main web server. Up to 10 tasks can be executed simultaneously in
Koés official webapp. For the docker distribution, this number is configurable and for devel-
opment environment, Celery can be disabled f§peto handle tasks directly and to allow the
developerto debug. When atask s executed, Celery workers can a&m@sdatabase to query

and store information such as syllable endpoints and task progress, suchitwatan notify the

user when the task finishes or how much percentage-wise the task has progressed, as shown

in Figure 5.9

Success! Task #8537 has been submitted and scheduled to run. You will get an email notification when it finishes.
You do not need to leave this tab open.

Feature extraction queue

Following are pending feature extraction tasks submitted by all users for all databases and collections

Task User Database Name Created Started Progress
8537 superuser Bellbird TMI Basic descriptive features and Oct. 11, 2021, 7:35 None 0% Not
aggregation a.m.

Figure 5.9: Main panel ofKoésFeature Extractipage. User can choose any combination of features,
and any number of aggregative standardisation methods. [@ user can name the job submit ittoés
task queue. Once finished, the results can be downloaded as a binary file.

5.4.3 Implementation and expandability

list of features and aggregation methods shown in Figure 5.9 come from a database query.
Specifically, tableoe _feature  and tablekoe _aggregation ~ (shown in Figure 2.2 in Chapter

2) store metadata for each feature and aggregation methods implementelaBs backend.

[is arrangement allows more flexibility in choosing what can be made available to the users
and what can be experimental. New features and aggregation methods can be developed and
tested at the backend and will not be available to the user until the developer is certain that they

perform correctly.
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Koés features come from three main sources: librosa (Mcfee et al. 2015), SciPy (E. Jones et
al. 2014), and self-implemented. In order to keep the process consistent and to allow future
expandability, all function calls to these features are wrapped in a common interface shown in

Code block 4

def feature _name(args):
# Unrolled args
fs, nfft, noverlap = unroll —args(args, [fs, nfft, noverlap])

# Perform calculation, or call external libraries
feature _value = ...
return  feature _value

Code block 4: Common interface of all feature extraction methods

All feature extraction functions have the same function signature whergs is a dictionary

with default key-value pairs given in Table 5.1.

Table 5.1: Key-value pairs that can be provided through thegs parameters for all feature extraction
functions.

Key Value

Absolute path to the originabav file.
wav_file _path

Sampling frequency of thevav file.
fs

Begin of the syllable (millisecond) with respect to the beginning of the
start audio file.

End of the syllable (millisecond) with respect to the beginning of the
end audio file.

A boolean indicating whether padding should be used in calculating
center power spectral density.

Number of FFT bins.

nfft
Number of samples to advance for each frame.
noverlap
Low-pass filter frequency.
Ipf
High-pass filter frequency.
hpf
Length of the frame (in samples) overwhich the feature is extracted.
win _length
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Extra arguments can be added dynamically to thgs object, in situation where the feature
extraction function expects specific arguments, for examplec andipc requires parameter
order . [i5 common function signature allows all feature extraction methods to be called in
the same way in loop-like fashion, specifically, by function
extract _segment _feature _for _audio _file in packageeature _utils , regardless of what
combination of features the user requested. Code block 5 shows examples of two features, one
is implemented byKoeand one byibrosa . In this example,spectral _bandwidth IS not im-
plemented byKoebut is simply a wrapper to calépectral _bandwidth  from library librosa
To do that the wrapper simply unrolls the arguments to get all the information needed to call
the actual function, and the caller
(extract _segment _feature _for _audio _file )does notneed to know specifically what argu-
ments the actual function needs. Acoustics feature extraction is a dynamic field where new
features are invented frequently. [érefore, this set up will allow advanced users and future

contributors of Koeto expand the feature set as they need.

def frame _entropy(args):
psd = get _psd(args)

# Entropy of each frame (time slice) averaged
newsg = (psd.T / np.sum(psd)).T
return ~ np.sum(-newsg * np.log2(newsg), axis=0)

def spectral _bandwidth(args):
psd = get _psd(args)

fs, nfft, noverlap = unroll —args(args, [fs, nfft, noverlap])
hopsize = nfft - noverlap
return  rosaft.spectral —bandwidth(y=None, sr=fs, S=psd, n _fft=nfft,

hop _length=hopsize)

Code block 5: Examples of feature extraction function using the common interfadeame _entropy
is Koeimplemented, whilespectral _bandwidth is a wrapper for a function inlibrosa . [y all
have the same function signature.

5.4.4 Storage

Extracted feature values are binary data that best stored on hard-drive instead of database.

(5 is due to several reasons:
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| attempted to extend Luscinia (R F Lachlan 2007), which stores binary data on an H2
database (a SQL database engine written specifically for Java). From extensive experi-
ence with this software, | found that storing binary data on database is an extreme per-

formance bottleneck.

Once extracted, feature values are stable, so database update queries for this purpose is

rare, thus using SQL database is missing the point.

[@ size of the database never shrinks, thus on the rare occasion when an update query
to change stored values is performed, itincurs permanent loss of storage. To recoup this
loss, the database needs to be trimmed frequently, leading to higher cost of maintenance

and more down times.

[Us a principle of software design in Koas that no binary data can be stored in the database.
Instead, feature metadata is stored against syllable ID, which reference the binary file where
the actual data is stored on the hard drivé&oanitially used Hierarchical Data Format version
5 (HDF5) to store binary data, however | quickly realised that this data format is only suitable
for hierarchical data, while feature values are not. In additiotoeallows the user to choose
any set of syllables from any combination of dataset to formcallectidhfrom which any com-
bination of features and aggregation methods can be chosen. [is requires random access to
the binary data which is extremely slow in HDF5. To solve this issue, | wrote a new library tai-
lored specifically forKoés needs, calledoe/binstorages.py (3 is the version of the current

implementation).

5.4.4.1 Physical storage

On hard drive, binary feature data is stored in the a similar directory structure as shownin Fig-
ure 5.10, where Sub-figure 5.10a and Sub-figure 5.10Db list the actual storage &itidamental

frequenagndspectral bandwidalues of the first 2000 syllables dfoés server, respectively.

current binary storage is version 3, hence the nameinstorage3  and this is not a ran-
dom choice. Version 1 of the binary storage libraries stores everything in one big file, where

version 2 does the opposite: one file per feature value per syllable ID. Both approaches lead to
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user _data user _data

| binary | binary
| feature3 | feature3
| fundamental _frequency | spectral _bandwidth
— | mean — mean
index.1-1000 index.1-1000
value.1-1000 value.1-1000
index.1001-2000 index.1001-2000
value.1001-2000 value.1001-2000
— median — median
index.1-1000 index.1-1000
value.1-1000 value.1-1000
index.1001-2000 index.1001-2000
value.1001-2000 value.1001-2000
(@) Fundamental frequency (b) Spectral bandwidth

Figure 5.10: Directory structure of feature values stored on the hard drive.

downgraded performance. With one bigfile, the costto append or update data grows exponen-
tially as the data file grows. With individual files, the sheer number of files on the hard drive
quickly overwhelms the operating system when other component&o&erform a simple di-
rectory listing. Version 3 takes the middle ground by employing pagination. Here, each pair of
feature - aggregation method  forms a folder. Feature values of each block of 1000 syllables
(according to their IDs) are concatenated into one file e.indamental _frequency/mean/
value.1-1000  containsthe meanfundamental frequency values of syllables #1 to syllable #1000.
To know where the feature values of syllable #x starts and ends within the concatenated file, as
well as the dimension details of the original feature value array, an index file eugdamental

_frequency/ mean/ index.1-1000 mapping the ID to the necessary metadata is also provided.

5.4.4.2 Store and retrieve data

(s libraryisimplementedin koe/binstorage3.py and providestwo overall operationstore
andretrieve . [@ store operation internally calls one of the following operatiostore _new,
update _simple , append , update _expand . [@ specifications of these operations are provided
in Table 5.2.

key to the performance of binstorage3  is that the value file is never rearranged. In the
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Table 5.2;: Operations to store and retrieve data tjnstorage3

Operation Description

Create a new value-index pair and write binary data when the syllable
store —new ID is not in the range covered by any of the existing value-index pairs.

Add binary data and index to the end of the value-index pair when the
append syllable ID is in the range covered by an existing value-index pair.

_ Modify the value file and update the index file (if necessary) if the pre-
update _simple vious feature values of the target syllable is already stored and the new
values (array) has the same or shorter length of the previous value ar-
ray.

Ifthe previous feature values of the target syllable is already stored and

update —expand the array of new value is longer than the previous array, then leave the
previous value array untouched, append the new value array atthe end
of the value file, and update the index file.

rare case where itis necessary to update an existing feature value array with alonger array, the
longer array is appended and the index of that syllable is simply updated to point to the new
location, the previous value array is still there but never used. [is might increase hard drive
use but only by an insignificant amount.

Toretrieve feature value for one syllablggstorage3  firstidentify the location of the value-
index files, which is
user _data/ binary/ feature3/ <feature name>/ <aggregation method>/ ,
calculate the page thatthe syllable ID belongs, e.g. syllable ID 123456 belongs to the page <123000-
124000>, thus the value-index files are respectiwelye.123000-124000  and
index.123000-124000 . Next, binstorage3 ~ opens the index file to search for the metadata as-
sociated with such ID. Finally, knowing the begin and end, and dimensions of the value array,
binstorage3 ~ perform aseek andread to getthe value array, without having to read the entire

file.

5.5 Conclusion

[@ aim of feature extraction is to derive a representation of the signal that can be used to map
each datapoint to a dimensional space where the distance between two datapoint reflect how

similar they are. A good dimensional space enables the datapoints (in this case, birdsong sylla-
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bles) to be sorted or clustered, which in turn allows operations such as classification or cluster
structure analysis to take place. In Chapter 6 that follows, | present how these operations are

carried outinKoe
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CHAPTERD

VISUALISATION AND CLASSIFICATION

6.1 Introduction

Koewas initially written as a tool to facilitate manual labelling of New Zealand Bellbiiin-
thornis melanurayllables using both visual and audio cues. Bellbirds have a very diverse vocal
repertoire, with hundreds of fine-scale syllable types. Some types appear very rarely while oth-
ers are hundred times more frequent. [is makes classification very difficult to do in existing
software such as Luscinia, Raven, or Sound Analysis Pro as they operate on a single-file basis,
thus are incapable of showing all segmented syllables at oriG@epartly solved this issue by
providing aUnit tablepage, where all segmented syllables from all songs in the database are
present in one table. However it is still impossible to display and keep track of tens of thou-
sands of syllables in one single view. To solve this issue, | implementsidalarity indexo sort

the unit table by similarity, and later | implementednteractive clustering visualisatibere all
syllables are visualised in two or three dimensional space where they can be grouped by prox-
imity and labelled in bulk. Both similarity index and clustering visualisation are the products

of feature extraction presented in the Chapter 5. In this chapter, | start with introducing the
concepts cluster analysis, followed by visualisation techniques. [ user interface where cluster
analysis and similarity index are utilised is presented next. [is is followed by the implemen-
tation of these functions inKoe Finally | present a case study to demonstrate hél@ecan be a

great tool for validating multi-expert labelling.
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6.2 Cluster analysis

Cluster Analysis Clusterings a technique widely used in data mining to partition a set of un-
labelled data objects into groups (clusters) where members of the same group share similar
characteristics. It is a form of machine learning where the training process is unsupervised,
although typically some prior knowledge (such as the number of clusters or statistical proper-
ties of the clusters) are still required.

classification of birdsong syllables into groups is useful for detecting overall changes,
such as comparing songs between species, populations or individuals over space or time (Webb
et al. 2021). Traditionally this has been done by (manual) expert’s judgement, for example:
Baptista and King studied geographic variations and dialects in the songs of the Puget Sound
White-Crowned Sparrow (Luis F Baptista 1977) and the Montane White-Crowned Sparrows
(Luis F. Baptista and King 1980) by dividing the segmented syllables into groups according to
their types (such as note, whistle, buzz) and calculating the statistics for each group. However,
manual classification inevitably introduces human’s subjectivity into the process. While this is
not bad practiceper-sgt reduces the reproducibility of the process. [ds, Nelson et. al. (Nel-
son, Hallberg, et al. 2004) repeated the study on the Puget Sound White-Crowned Sparrow
using two independent judges with different knowledge of the origin of the syllables to sort
complex and simple syllables into predefined groups. [@ judges were allowed to create new
categories if necessary. [8y found that the judges highly agreed with each other, thus justify-
ing their use of the clustering result from a single judge later in their study. While the problem
of human subijectivity can be partly mitigated by demonstrating agreement between indepen-
dent judges, the only way to provide full reproducibility is by removing the human factor and
using computer-based methods.

In this section, | introduce two clustering techniques that are availableKoés users.

6.2.1 Hierarchical clustering

Hierarchical clustering is a method that aims to produce clusters in a multi-level tree-like struc-
ture. From the bottom up, each object belongs to a cluster which in turn belongs to a larger
cluster and so on. At the top of the tree is the super cluster where all objects belong. [é con-

nectivity between two objects is determined by their proximity (distance) in a feature space. A
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cluster closer to the bottom of the tree contains objects that are closer to each other, and vice
versa. [is tree-like structure is often visualised by a dendrogram, shown in Figure 6.1.

Hierarchical clustering is commonly used in biology to formulate the phylogenetic relation-
ship between species or subspecies. [ use of this method in birdsong analysis can be found in
many studies. For example, M. E. Anderson and Conner (1985) classify dialects of the Northern
Cardinal Cardinalis cardina)ibased on frequency of appearance of each type of syllables; Po-
dos et al. (1992) analyse song repertoire of the Song Sparrows; and Grol3e Ruse et al. (2016) use
syllables found in one song of the Red Warbler as input to compare the result of an automatic
clustering framework with that of experts.

Hierarchical clustering can be implemented using either of two strategies:

Agglomerative method: is a bottom-up strategy that starts with each data point being

one cluster of its own and iteratively merges small clusters into one.

Divisive method: is a top-down strategy that starts with all data points belonging to one

cluster, and then iteratively dividing big clusters into small ones

Both strategies lead to identical results, given that the safimkage criterios used. Linkage
criteria are different ways to calculate the distance between clusters, or the radius of the en-
closed cluster, thus they affect the final shape of the hierarchy. To name a fngle-linkagie-
termines the cluster distance by shortest (minimum) distance from any member of one cluster
to any member of the other clustemin d(a;b) :a 2 A; b 2 B , in contrast, complete link-
ageuses maximum cross-cluster distaneeax d(a;b) :a 2 A; b 2 B while UPGMA finds
middle ground between the two by using average distaljaﬂ%j P a2 A P bop d(a;b). Figure 6.1
illustrates the clustering result using UPGMA for a toy dataset containing five data points with
given pair-wise distances.

“Cut the trea% the method of acquiring specific clustering configuration by settingcaitoff
threshold to be the maximum radius of the cluster. [@ example shown on the right side of
Figure 6.1 is the clustering configuration when the cutoff is set at 15. Two clustars [d; c]

(in blue) andC, = [e;b;a] (in red) are formed because their radii are 14 and 11 respectively.
It appears straightforward but the cutoff threshold is crucial for the final clustering result and

there is no objective way to determine it. Often trial and error are involved in finding a rea-

sonable value for the cutoff threshold, relying on prior knowledge of the dataset (i.e. knowing
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Figure 6.1: lllustration of hierarchical clustering using UPGMA. Left: upper triangle of the distance
matrix. Right: clustering result.

roughly how the cluster should look likeprior). [i5 is documented by Gil and Peter J B Slater
(2000) in their study of Willow WarblerPhylloscopus trochjkmng repertoire. [8y subjectively
determined the cutoff threshold that would yield a “sizeable” number of clusters. Podos et al.
(1992) tackles this problem by using a moat index, which describes the degree to which cluster
groups are isolated or externally discontinuous to each other. [@ cutoff value that maximises
the moatindex is determined to be the optimum. Gil and Slater did try this approach but even-

tually decided against it because of the effect of outliers.

6.2.2 Semi-automatic clustering

While fully-automated clustering has been used in previous studies such as by Ranjard and Ross
(2008) to study dialectal variations of birdsongs or by Chou and Ko (2011) to recognise species,
itis ill-suited for syllable classification where there are many types of syllable and their distri-
bution in a species’ repertoire is uneven, i.e. there are a lot more instances of commonly found
syllables than that of rare syllables. [is is the challenge that my colleagues and | faced with
bellbird songs. | judged that semi-automatic clustering is most suitable in this situation. [is

is the technique where labelling is still done manually, but expedited by bulk-labelling of sim-
ilar syllables in batches, rather than one-by-one (as in other software). Bulk-action is possible
with a visual aid, such as a two- or three-dimensional plot, where syllables are clustered to a
high degree. lis technigue has been employed by several previous studies such as by O. Tcher-

nichovski et al. (2004) and Derégnaucourt et al. (2005) to study the song crystallisation process
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in zebra finches.Koegprovides two tools for bulk-labelling: by labelling all multi-selected rows
of the unit table after sort with similarity index, and by labelling all units enclosed in a bound-
ary drawn directly on an interactive two-dimensional plot. [ next section explains in detalil

how these actions can be performed by the user.

6.2.3 Dimensionality reduction

Many frequently used features, which are extractable Kge are multi-dimensional; for ex-
ample MFCC usually has at least 13 dimensions. Features are also usually used in combination
with the intention that the more features are used, the more differentiable structure of the dat-
apoints can be covered, and the correlation between features can be reduced afterwards using
a technique called dimensionality reduction. [is technique seeks to reduce the number of
dimensions while preserving the differentiability as much as possible. [is is similar to lossy
compression techniques widely employed for audio and video insofar as the results should re-
semble the original data while size is significantly smaller. Koe dimensionality reduction is

used mainly for visualisation. In order to present syllables as data points on a cluster plot, their
acoustic features must first be reduced to two or three dimensions.

Koemplements popular ordination techniques, such as Principal Component Analysis (PCA),
Independent Component Analysis (ICA) and Multi-Dimensional Scaling (MDS), as well as the
more recently proposed t-distributed Stochastic Neighbour Embedding (t-SNE) (Van Der Maaten
and Hinton 2008). t-SNE aims to preserve local structure in the data, sois particularly effective

for defining and discriminating between different clusters.

6.3 Userinterface

6.3.1 Submit jobs to construct ordination and calculate similarity index

Constructordinatiand Calculate similaritgan be found under submenkxtract features and com-
parein the same place witlextract unitfeatureSimilarly, the user needs to submit a job t§oés

task queue and wait for a notification email.

Figure 6.2 shows the control panels where the user can submit these jobs. Sub-figure 6.2a
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Construct new ordination

Existing data matrices
Bellbird_TMI: Basic descriptive features and aggregation | Completed v

Existing ordinations

Ordination method

O @] @) Calculate new similarity

Principal Component Independent Component t-SNE (with PCA

Analysis Analysis preprocessing) Existing data matrices
Number of dimensions Bellbird_TMI: Basic descriptive features and aggregation | Completed v

2

Existing ordinations
Extra parameters
,,,,,,,,, v
(a) Control panel to construct ordination (b) Control panel to calculate similarity.

Figure 6.2: Control panels accessible under submefxtract features and compaoceeate an ordination

for clustering or similarity index for sorting.
shows the form to create an ordination job. [@ user can choose a data matrix (which is an ex-
tracted feature set), the ordination method (either PCA, ICA or t-SNE), number of dimensions
(can only be 2 or 3), and optionally any parameters that they wish to send directly to the under-
lying function. Sub-figure 6.2b shows the form to create a similarity index job. [@ similarity

index can be extracted from raw feature values, or from an ordination.

6.3.2 Usingsimilarity index to sort syllables in the unit table

Users ofKoecan create as many similarity indices for the same database as they see fit. Once
the job has finished, the similarity index can be selected and applied dynamically to an existing
unittable. [is can be done by selecting an option in theCurrent similaritgombo box on the left

side control panel, as shown in Figure 6.3.

Figure 6.3: Left side control panel of the unit table.
Databaseellbirds  has two similarity indices
Current similarity Eulls calculated from two different sets of feature values.
Upon selection the index is applied dynamically to
the unittable.

Current database Bellbirds ~

View as Full

Speed Full_tsne_2

Todemonstrate the usefulness of a similarity index, Figure 6.4 show the unittable of database

Bellbird _TMI where afilter (amily:downjupsqueak ) is appliedto show only syllables thatare
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classified to belong to eitheDownor Upsquealamily. [is is done on purpose to show more
than one variety of syllables within the limited space of afigure. [é filtered table is then sorted
by similarity index (ascending order). We can observe that the natural orders of syllables do put

similar syllables near each other.

3/38  Filter family: down|upsqueak
Song [ Spectrogram Label Family ¥ Sex Quality  Similarity Index Duration = Date Note

CUV_ 2016 1.05') Down(notched) B Down 52 m 2016-11-05
| Filter

CUV_2016_1_06_ Down(notched) Down F EX 60 137 2016-11-06

CUV_2016_1_05_, Down(notched) B Down ar EX 62 nz 2016-11-05

CUvV_2016_1_05_" ———— Down(notched) Down F G 70 13 2016-11-05
-

LBI_2016_04_06_ O : Upsqueak(harmonic) Upsqueak @ M EX 423 | 2016-04-06

LBI_2016_04_06_ ) Upsqueak(harmonic) Upsqueak B M EX 430 312 2016-04-06

LBI_2016_04_09_ O Upsqueak(harmonic) Upsqueak M VG 446 373 2016-04-09

TMI_2014_03_19_ = Upsqueak(shrieky) Upsqueak M G 689 162 2014-03-19

TMI_2014_T1_10_M (& = Upsqueak(shrieky) Upsqueak B M G 721 172 2014-1-10

Figure 6.4: Koés unit table sorted by similarity index (ascending order) filtered to show only syllables in
families Downor UpsquealExample data are New Zealand bellbifhthornis melanusang units from
databaseBellbird _TMI.

unit table also allows bulk-labelling by multi-selecting syllables thatlook and sound sim-
ilar, and then select "Bulk set value" from a dropdown menu from thabelFamilyor Subfamily
column. [@ sound of each syllable can be played back by clicking on its spectrogram. [e
playback speed can also be adjusted to better appreciate temporal details in short or complex

syllables.

6.3.3 Using ordination for bulk labelling in an interactive cluster visualisa-

tion
Koés unittable is a big advance on other software in that all units (syllables) are accessible in one
table. However, the space limits of a screen still limit the number of units that can be viewed

simultaneously. When classifying units, only seeing part of the table at a time can resultin er-

roneous labelling. [@ difference between syllables can gradually grow slow enough to be un-
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noticeable as the page scrolls, however the accumulative difference could add up significantly
resulting in having syllables that look and sound differently being given the same laked#pro-

vides a solution for this issue with thénteractive Ordinatigatot, as shown in Figure 6.5. s

plot is produced at the client side using the library Plotly (Inc. 2015) and thus is very fast and

interactive. Interactions between the user and the plotisintercepted and handled in JavaScript.

Figure 6.5: Interactive Ordination view allows the user to encircle groups of points on the plot with the
lasso tool, to view their spectrograms and hear their audio. Mousing over a point in a selection
highlights the corresponding spectrogram in the left-hand panel. Selections can be labelled in bulk
directly on the plot or opened as a unit table to view detailed unit information. [é user can zoom,
toggle the visibility of classes, and export the plot as a vector graphic. [is example shows a t-SNE
ordination of 7189 syllables of male and female bellbird song.

In this plot, all syllables appear at once on a two dimensional space. [@ example shown here
shows good separation of clusters after all of them have been labelled. [@ colour and symbol
of each syllable are according to the label that it is given. [@ user typically starts out with an
unlabelled data, where all syllables will have the same appearance (e.g. all are gray-rounded
shaped). A lasso tool allows the user to make a selection of a group of syllable that appear as a
cluster. Upon selection, the spectrogram of all syllables appear on the left side panel where the
user can assess whether they look and sound the same. Syllables that don't look and sound like

the rest can be excluded, and the final group can be bulk-labelled.
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6.4 Implementationin Koe

6.4.1 Constructordination

Upon receiving a job, a Celery worker at the backend chailistorage3  'sretrieve  functionto
acquire the extracted feature values for the selected datamatrix and calls the selected dimen-
sionality reduction methods to reduce the original data to the selected number of dimensions.
All dimensionality reduction methods are wrapped in a common interface for better coding
structure and increased extendability. [@ worker does not know how to call the underlying
function specifically, but simply invoke the method by finding its function pointer from a dic-

tionary of methods. InKoethis dictionary is simply a declaration:

methods = {pca: pca, ica: pca, tsne: tsne}

Wherepca, ica andtsne are the wrappers to the following underlying functions:

Wrapper Underlying function

pca sklearn.decomposition.PCA
ica sklearn.decomposition.FastICA
tsne sklearn.manifold. TSNE

wrappers have the same function signature shown in Codeblock @ata and ndims
(number of dimensions) are by definition required by any underlying function. [8y are in-
cludedinarnparams dictionary together with any specific arguments (suchasbose , perple-
xity , n_iter for TSNE) are constructed and provided as keyword argumentskarg ).
params dictionary is updated with the custom parameters provided by the user, through which
these specificarguments can be added, modified, or removed before the call is made. For exam-
ple, without user-provided parametersiSNEis called withperpexity=10 by default. Declar-
ing perplexity=5  will change this value angerplexity=None  will remove this parameter,

declaringlearning _rate=100 will add this parameter to the final call.
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def method —_name(data, ndims, ** kwargs):

# Construct an argument dictionary for this particular method
params = dict(...)

# Update the argument dictionary with the optional parameters
# that the user can input
params.update(kwargs)

# Call the underlying function to perform dimensionality reduction
result = ...
return  result

Code block 6: Common interface to all dimensionality reduction methods

6.4.2 Calculate similarity index

Asimilarity indexinKoas aninteger defined as theatural ordesf data points in adendrogram.

natural order of any data point is an enumeration that runs from 1 toN whereN is the

number of data points. [is number represents how early a data point can be found to have

membership in a cluster by tracing the dendrogram branches from bottom up. For example,

in Figure 6.1(@ and(b) are the earliest data points that have cluster membership, followed by

®©,
5.

and finally(d) and@©. [@ir natural orders therefore are [@(b)] = [1, 2]/ = 3; {0, ([d)] = [4,

When two data points from a cluster, such as in case@fand(b), either of them can be

assigned natural ordef or 2. However in the case aB which is linked to an existing cluster,

it can only possibly be assigned the one available similarity in@ex

Table 6.1: Calculating natural orders of syllables shown in Figure 6.1. Sub-table 6.1a shows the linkage
calculated with average distance, sub-table 6.1b shows the natural orders of syllables calculdted by

Cluster indices and natural orders are based 0

Left cluster Right cluster Distance Order Data point
Index Members Index Member 0 @
0 @ 1 b 17 1 b
4 ® 5 22 2 ®
2 © 3 (d) 28 3 ©
6 7 c+d 33 4 (d)
(@) Linkage tree (b) Natural orders

calculation of this example in Koeis detailed in Table 6.1. Upon receiving a job, a Cel-

ery worker at the backend callsinstorage3 ’'sretrieve  function to acquire either the ex-

95



tracted feature values if the user has selected a datamatrix, or the ordination data if the user
has selected an ordination. Following data retrieval, the upper left triangle of the distance ma-
trix (triu ) is calculated for all pairs of points in the dataset. In this exampleiu (a; b;c;d;

e) =[17;21;31;23; 30; 34; 21, 28; 39; }3ese numbers are pair-wise distances between any
two data point, e.g. the distance betweea andd)isdist .. = 28. [i5 distance array is trans-
formed into a linkage list usingcluster.hierarchy.linkage method available in SciPy.
linkage list can be understood as a cluster membership description for all the points and sub-
clusters that can be formed. [@ outcome for this example is shown in Sub-table 6.1a. Tracing
the cluster indices from smallesgj to largest 7) tells us that data pointsa andb) initially form
clusters 0 and 1 respectively, then and(d) form clusters 2 and 3 an@® forms cluster 4. After
allindividual data points have been assigned a cluster index, the linkage iteratively merge them
into composite clusters where the distance between a singular cluster and a composite cluster,

as well as between two composite clusters is calculated using average distance. For example,

dist efapy = Pteatdsten = 23221 = 27 s, [ @, (b)] form cluster 5, {a, (b), ©] form cluster
6, [©),(d)] form cluster 7, and finally@, (b), @, ©), (d)] form the root cluster 8 (which is omitted
from the linkage tree due to redundancy).

natural order of a data point follows the order of cluster formation when such data point
forms a singular cluster or is merged with others to form a composite cluster. In this example,
following the formation of clusters from 1to 8, we acquire the natural orders shown in sub-table
6.1b as@=0,(b)=1,0=3,(d)=4,@=2. [ is the same order in base 0 as acquired previously

using visual inspection of the dendrogram.

6.4.3 Collaborative labelling

In Kogeach user hastheirown user space to perform labelling according to their expertise while
sharing the same set of syllables. Normally this could prevent collaboration as their labelling
results are isolated from other expertsoesolves this issue by allowing labelling data to be

viewed and shared between members of a database.

Figure 6.6 shows two control panels where these action can take pladgnittablgpage, the

user can choose to view the same unit table but with other team member’s label data instead

96



Saved versions

Backup type Forma... Database

QO segmentation 4 Bellbird_TMI
O Iavels 4 Bellbird_TMI
segmentation 4 Bellbird_TMI
Current database Bellbirds + O
Current similarity Full O labels 4 Bellbird_TMI
View as SRS O 1abels 4 Bellbird_TMI
Speed superuser
QO ravels 4 Bellbird_TMI

wesley

public Load ZIP

hevans (b) Import label data from other team
(a) View label data by other team members members

Figure 6.6: Control panels where label data from other team members can be viewddriit table
(Sub-figure 6.6a) or imported (Sub-figure 6.6b) via a saved fil®atabase management

of their own. [i5 requires no special permission, however in this mode, editing is disabled
regardless of the permission the user is granted. Label data automatically updates when the
other team member makes a modification. In order to make modification, for example to cor-
rect mistakes, label data from other team member must first be copied into the current user’s
workspace. [is functionality is provided in Database managemeage and requires at least
Import datgpermission and a ZIP file containing the label data, which can only be acquired by
asking the author of the label set to make a save. lis viewing/sharing process might be more
convoluted than team members sharing their login, however it is the way tiKathonours the
intellectual properties of its users. Itis worth mentioning that irKoethe user owns their data

in all forms, despite the fact thaKoes free.

6.5 Case study: Validating classification with independent la-
belling

In this section | present a case study to demonstrate the usefulnesKadéin multi-expert la-
belling and label validation. In collaboration with Dr. Wesley Webb, we harnessed the citizen
science potential oKodo evaluate inter-observer reliability, using 74 judges (to our knowledge

the largest number of judges yet used). From our labelled dataset of 22,000 bellbird syllables,
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we constructed a subset database of 200 syllablesae [ 200 syllables consisted of 18 label
classes from two populations (Tawharanui and Tiritiri Matangi), with 3-20 of each class, in-
cluding 4 “other” syllables that did not match the exemplars. (e classes and numbers of each
class were chosen randomly.) [@ 74 judges (all naiveoeto spectrograms in general, and to
bellbird song) createoeaccounts and were granted online accessto the database. Judges were
asked to label the syllables using the unit table by comparing against labelled class exemplarsin
a separate tab. [@y were told there were 3—20 of each class, and 3—-20 “other” syllables that did
not match the exemplars. Each judge worked independently to label the set of syllables over a
1-2 hour period. Afterwards, labels from all judges were retrieved and compiled. For each of
the 200 syllables, the percentage of judges whose label matched our own label was calculated:
average 89.6%; median 95.6%. [is is a high degree of agreement for inter-observer reliability
studies (Nelson, Hallberg, et al. 2004; Parker et al. 2012), lending validity to our manual classi-

fication.

6.6 Conclusions

In this chapter | present different way¥oefacilitates rapid manual classification. [is is ar-
guably one of the most powerful tools th&oehas to offer. It is unique toKoeand does not
exist in any existing software solutions for bioacoustics processing. In chapter 7 that follows, |

present another tool that is unique t&oe sequence analysis.
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CHAPTER/

SEQUENCE ANALYSIS

7.1 Introduction

Syntax refers to the set of rules governing song structure (how individual vocalisation units are
strung together to form a sequence) (Robert F. Lachlan et al. 2013). It can be used as the pri-
mary basis for species recognition when acoustic properties at syllable-level are insufficient,
I.e. when there are multiple birds in the same habitat that share similar vocalisation character-
istics. An example of this is the New Zealand bellbirdr{thornis melandrand the Tui Prosthe-
madera novaeseelar)dihese two species make similar syllables that can be hard to tell apart
without hearing the whole song.

Most birdsong has limited set of syntax rules which are primitive compared to human lan-
guages (Berwick etal. 2011). Whereas syntax of a human language is a very broad term that in-
cludes word order, grammatical relations, hierarchical sentence structure, subject-verb agree-
ment, etc, syntax of birdsong is simply the temporal arrangements of vocalisation units (e.g.
syllables) that appear with certain frequency in the repertoire. [ére is much debate about
the complexity of syntax birds recognise. Kershenbaum, Bowles, et al. (2014) studies several
species of animal and found that they can only recognise the repetition of syllables. In contrast,
C. K. Adi(2008) and Katahiraetal. (2011) found that Bangalese finch syntax exhibits high-order
context-dependency (the meaning of one syllable depends on what comes before it). [is find-
ing was later supported by an analysis of the auditorial response in Bengalese finches brain (Abe

and Watanabe 2011), but Beckers et al. (2012) argues that the claim is premature and the results
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can be explained by simple acoustic similarity matchinioecaters to this wide variation of
syntax models by focusing on the discovery of repeated subsequences, where a subsequence
can be a string of the same syllable or a group of syllables that frequently follow each other in

the same order.

7.2 Syntax discovery via sequence structure

Inan extensive review of acoustics sequences in animals, Kershenbaum, Blumstein, etal. (2016)
generalised from previous studies six paradigms for information encoding using sequence
structure. Table 7.1 showsfive paradigms that can be foundin songs of one individual. Paradigm
overlapping specific to duets between two individuals whereldeeonly analyses on individual
basis, therefore it is omitted here.

Table 7.1: Five paradigms for individual-level information encoding using sequence structure
Kershenbaum, Blumstein, et al. (2016)

Type | Description | Visualisation

Repetition | Single unit repeated more than once KAIATALA]

Diversity A number of distinct units are present. Order is @ @A O ®
unimportant

Combination | Set of units has differentinformationfromeach @@ @®EE O
unit individually. Order is unimportant.

Ordering Set of units has different information from eacj (AIBI@IN AI®IB]

unitindividually. Order is important

Timing Timing between units (often between different@@© - @©
individuals) conveys information

Koefurther refined these five paradigms by considering that the order of units are impor-
tant, thus combining paradigmDiversity Combinatioand Orderingnto one which | simply
call Subsequend®’hat Kershenbaum, Blumstein, et al. (2016) didn't address, however, is that
diverse sequences can also be repeated, often with certain time gap between each repeat, i.e.
the Subsequef@®BP© - QG O©-- O © containsthree repeats @G © with differ-
ent time gaps in between, which could be perceived as distinct from a sir§ldsequer@:@
©.

Koeprovides several ways to analyse sequence structure. For a manual process, the user can

have all song sequences that exist in the database displayed in a list anl oésfiltering func-
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tion to narrow the list down to only those which contain a sequenc¢&aealso provides an auto-
mated process to automatically discover subsequences that appear at high frequency. Finally,
the results of this automated process are visualised using directed graph to aid visual inspec-

tion.

7.2.1 Manual examination of subsequence via filtering

Filter sequence:"trill"-"dragon”

Filename C] Sequence

T™MI_2013_03_26 (] b(Stutter)(Waah(magpie))(Pipe(B[é]))(Down[carunlock))(UpsqueaLFLatsqueakDragonXMoustache)

™I 2013_05_ 01 (J b(Stutter)(Waah(magp\eD(Pipe(B[é]D(Down[carunlockD(UpsqueaLFLatsqueaDragonXMoustache)
T™I_2013_04_29 () b(Stutter)(Waah(magpie))(Pipe(B[é]))(Down(carunlock})(UpsqueahFLatsqueakDragonXMoustache)
T™I_2013_05_01. (J D(Stutter)(vvaah(magpie))(Pipe(B[é]))(Down(carunlock))(UpsqueakfFLatsqueakDraqonXMoustache)

™I 2013 04 29 (J b(StutterXWaah(maqpie)XPipe(A#[6]))(Down(carunLock)XUpsqueakfFLatsqueakDragon)(Moustache)
™I_2013_04_30 (J b(Stutter)(Stutter)(Waah(rough))(Shr|ekyDragonXP|pe_DownsqueakXMoustache)

T™I_2012_04_30 (J >(Stutter)(Stutter)(Waah(rough)XShriekyDragonXMoustache)

T™I_2013_04_10_ (J b(StutteO(Stutter)(Waah(roughD(ShriekyDragonXMoustache)

T™I_2013_03_26 [ P(Stutter)(Stutter)(Waah(rough))(F’ipe(B[é]))(Down(carunlock))(upsqueakflatsqueakDragomXMoustache)
T™I_2013_03_26 (] b(StutteD(StutteD(Waah(roughDCPipe(B[é]DCDown(carunlockD(UpsqueakfFLatsqueaDragon)(Moustache)

Figure 7.1: In View all songmge, each segmented song is displayed in one row as a sequence of
syllables. Manual sequence analysis can be carried out by applying a filter. Here, the filter
sequence:"trill"-"dragon" is applied to narrow down only songs that contaifrill followed by
Dragor(highlighted).

Kodlisplays all song sequences\ew all songsge. Each song and the sequence of syllables
(ideally already labelled) are displayed on one row. [@ user can narrow the list down to show
only songs that contain a certain subsequence of unit labels. Figure 7.1 shows an example of
this operation, where the filter issequence:"tril"-"dragon" . [@ filter is case-insensitive
and based on regular expression (Regex, JavaScript flavour), thus itis possible to filter the table
based on their naming pattern; the user does not need to provide the exact match for their
subsequence. For example, if all "pipe"-like syllables (those that have monotonic frequency
content, thus appear on the spectrogram like a pipe) have name prefixed with "Pipe", a filter
sequence:"trill"-"Pipe. «" will show songs that have sequence that havérdl followed by

any syllable that starts withPipe such asTrill! PipeLow PipeHigletc.
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7.2.2 Automated subsequence discovery using N-gram

N-gram is the general term for a technique used in modelling sequence that obeys Markovian
properties, including human speech and birdsongs, where in practice N is a predefined number
and is the length of the sequence that can be modelled by the Markov process. When N is 2, the
modelis called bigram, where the probability of each unitdepends solely on the unitthat comes
before it, thus demonstrating first-order Markov properties. Similarly, 3-gram also called tri-
gram, is the model where the probability of each unit depends on the previous two units, and
so forth. Table 7.2 shows an example of subsequence extracted using N-gram with N ranges
from 1 to 3.

Table 7.2: Subsequences that can be extracted by N-gram models. [@ original sequence is shown in
the firstrow when N=1L . Separated syllables are subsequences of the original sequence when N=1.
Subsequent rows shows subsequences that can be extracted using bigram (N=2) and trigram (N=3)

N | Subsequence

1 (original) KALBLEID)

1 (separate syllables) ® 6 © ®

2 (bigram) 60 400 ©®
3 (trigram) GC 6GOC®

Bigram is widely used to study the repertoire complexity of a species, such is the Australian
pied butcherbird Cracticus nigrogulgri@anney et al. 2016); also see Smith (2014) for several
species including four birds. Specific applications of bigram and trigram to model sequence
structure include Van Heijningen et al. (2009), Tsai and Xue (2014), Janney et al. (2016), Mathur
and Kumar (2017). N-gram is intuitive and simple to implement. In five paradigms shown in
Table 7.1, using N-gram can discovepetitionCombinatioand Ordering However, N-gram
does not take into account the time gap between units. Moreover, N-gram cannot discover any
pattern of subsequence that is longer than N units. Using a combination of N-grams with N
goes from 1 to infinity can solve this issue, however this increases computational cost substan-
tially.

N-gram was initially builtinto Koghowever it is now available only to advance users who can
accessthe backend (via Docker or source code). s is becasenow uses SPADE (Sequential
Pattern Discovery using Equivalence classes) (Zaki 2001) - a more sophisticated algorithm that

alleviates the aforementioned limitations.
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7.2.3 Automated subsequence discovery using SPADE

[@ problem statement of sequential pattern mining was first proposed by Agrawal and Srikant
(1995) and since then it has been an actively researched topic for more than two decades, ar-
guably due to its practical application for large retail businesses. Barcode technology and com-
puterised Point Of Sales (POS) have made it possible to collect and store massive amount of
sales data, a.k.a. basket data. A record of basket data contains the number of items a customer
bought, as well as timestamp and sometimes customer ID, particularly when a customer uses
a smart loyalty card or credit cards. Soon, retailers started to explore ways to mine this data
to study customer behaviour such as% of people who buy item A also buy item B" &% of
people who buy item A will buy item B within the next transactions”, in order to create item
bundles or run personalised promotions. [ similarity between sequential patterns in shop-
ping behaviour and those in bioacoustics is obvious. [@ same data mining technique can apply

to explore patterns such as "there is arprobability that when syllable A is vocalised, syllable

B will follow". When applied to birdsongs, a syllable can be considered an item and a group of
syllables with small time gap in between can be considered one transaction.

SPADE is one of the newest algorithms proposed for sequential pattern mining. It is re-
ported to be several orders of magnitude faster than previously proposed algorithms by util-
ising temporal joins along with efficient lattice search techniques. In addition, SPADE also
provides ways to account for the time gap between transactions, effectively allowing two trans-
actions that occur within a threshold to be merged into one. [is enhancement proves useful
to study vocalisation patterns when time gaps between syllables need to be taken into account.

To explain the use of SPADE for sequence analysis, consider a segmented and labelled song
sequence an ordered list of acoustic units denotedad ! B! C! I X. Asequence
rule has two parts: a left and right side. [@ rule states that when the left side occurs, the right
side follows:[Leftside ] ) Rightside . For example, therulgA ! B]) C statesthat when
the sequenc@A ! B] occurs,C comes next. [@ left side can be a sequence of any length, but
in our implementation the right side is a single unit (see https://github.com/fzyukio/koe/wiki,
Mine Sequence Structure).

SPADE algorithm calculates three parameters which combine to indicate the credibility

of sequence rules. [@se parameters arSupportConfidenand Lift. [@ir meanings are de-
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scribed in Table 7.3. Credible rules have a large confidence factor, a large level of supportand a

value of lift greater than one, as defined below using the example rjke! B]) C.

Table 7.3: [fee parameters calculated by SPADE for each sequence

Parameter | Meaning

Support [@ proportion of songs in the database that contain the entire sequence
A! B! Catleastonce.

Confidence | [@ proportion of those songs containing A! B that also contain
A! B! C.

Lift A measure of the strength of the association relative to chance. Liftis equal
to the confidence of the rule, divided by the proportion of songs contain-
ing the right side. [s it gives the ratio of (i) the proportion of songs with

A ! Bthattransition to C, versus (ii) the proportion of songs expected to
containA! B! Chbychanceassociation@! BandC.

To demonstrate how these parameters are calculated, consider the ten songs shown in Fig-
ure 7.1 to be a population of songs. [ rulgStutter ! Waah (magpie )] ) Pipe(B6) hasa
support of0:4since the entire sequence occurs in four of the 10 songs. [@ rule has a confidence
of 0:8, because in four of the five songs that contaBtutter ! Waah (magpie ), the transi-
tion to Pipe(B6) occurs. [@ proportion of songs with Pipe(B6) is 0:6, so the lift of this rule is
0:8=0:6= 1:33 [atis, the association [Stutter ! Waah (magpie)]) Pipe(B6)occursin
1.33 times as many songs as expected by chance associatiSiuter ! Waah (magpie )]
andPipe(B6).

[@ Mine sequence structurder menuSyntax analysis provides a table of subsequences
and their SPADE parameters for the user’s selected database. Table 7.2 shows several sub-
sequences extracted from the databaBelbird _TMI. Similar to other tables, the user can
sort any column or combination of columns in ascending or descending order, as well as fil-
tering the table using certain criteria to find subsequences of interest. In the given exam-
ple, using filter support:>0.2; chainlength:>1 , the results shows 8 subsequences that oc-
cur in 20% of the entire repertoire. [@ table is further sorted bylift, such that first sequence

Cough(TMlI+clidk)Downsqueak(hoakihe one that has highedift.
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8 Filter support:>0.2; chainlength:>1

Chain length |Trans... | Support Confidence | Lift Association Rule
2 127 0.24 0.81 3.13 Cough(TMIl+click) => Downsqueak(hook)
4 110 0.21 0.81 1.71 Stutter => Stutter => Stutter => Stutter
3 185 0.35 0.77 1.64 __PSEUDO_START__ => Stutter => Stutter
2 191 0.36 0.77 1.62 Stutter => Stutter
3 136 0.26 0.71 1.51 Stutter => Stutter => Stutter
4 128 0.24 0.69 1.46 _ PSEUDO_START__ => Stutter => Stutter => Stutter
2 239 0.45 0.45 0.96 __PSEUDO_START__ => Stutter
2 135 0.26 0.54 0.54 Dragon =>__PSEUDO_END___

Figure 7.2: Table of subsequences and their SPADE parameteidiime sequence struchage. [
subsequences are mined from the databasslbird _TMI. Table is sorted descendingly by lift and
filtered to show only subsequences that have two more syllables and have at least 20% support.
—_PSEUDQSTART_ and_—_PSEUDQEND_ are not syllables, but represent the start and end of a
song.

7.2.4 Analysis viavisualisation with network models

Networks have long been used in cognitive science (see a review by Baronchelli et al. (2013)) to
study the complex structure and dynamics of cognitive and behavioral processes. [is line of
study first found its way into the study of birdsong through the pioneer work of Sasahara et al.
(2012), where each phrase type (similar to the notion of syllable in this thesis) can be viewed
as one node in a graph. [@ transitions from one syllable type to another can be represented

by a connection between adjacent nodes. Figure 7.3 shows an example of a graph produced
for Koeusers. Each node is depicted as a circle, the colour of a node indicates the prevalence
of the syllable it represents (the darker the more prevalent). [@ arrows show the direction of

the connection between nodes, the thickness and colour of an arrow indicates the strength of
a connection (the thicker and darker, the higher the lift is). [@ ovals on the top left of a node
indicates self-connection, or repetitiveness of the syllable. Red and blue lines connect a node
with the "start of song" and "end of song" pseudo node. In this example, we can observe that
songs often start with a Stutter repeated several times, followed MWaah(roughBtutter(cheet)

or Downcurve(doublevoiced) Cleigas a strong link between Downcurve(doublevoiced) Chiup
Stepdown_mahd Pipe(D#[7])meaning that the three syllables sequence is frequently seen in

the repertoire.

Networks are useful for this line of study because they provide a high level overview of the
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Pipe(D#(7])

Stepdown_mid

Downcurve(doublevoiced)\ Chiup

Stutter(cheet)

Figure 7.3: An example of a graph for a subset of syllablesioe

entire repertoire that can be visualised in one graph. Features extracted from the networks
can also be used for qualitative comparison between repertoires. Examples of recent studies
using networks are: Cody et al. (2015) who studied phrase sharing between individuals of the
California thrashers Toxostoma redivivyrdsebdk et al. (2020) studied how song sequences
can encode individual’s specific characteristics in male collared flycatchere(lula albicollis
Beyond individuals, networks are also used to study song structures of one species, such as
by Opaev (2016) (studying the Grey-crowned WarBleicercus tephrocephalusompare song
structures of different populations of a species, such as Roach et al. (2012) (studying Hermit

[lush Catharus guttatys

7.3 Implementation

7.3.1 SPADE

originalimplementation of SPADE isin C++, whichis available at https://github.com/zakimjz/
SPADE. At the time that SPADE was first contemplated to be useagthere was no Python
implementation. [@re exists a package (Buchta et al. 2020) for the R language that provides
similar functionality of SPADE, which in theory can be called from Python, however there are
many disadvantages to this approach. First, R needs to be installed together with Python on

the server and in the Docker image, making the process much more complicated than hav-
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ing Python alone. Second, Python code needs to provide input to R and retrieve the results
from R in the form of a text file, which severely degrades the performance when the input is
large. To overcome this issue, | wrote a Python wrapper using Cython that can make calls and
retrieve direct result from C++ code. [@ original implementation by Zaki was also rewritten
entirely to enable memory sharing, as well as fixing various bugs related to memory manage-
ment. (5 way the SPADE component can be preloaded and stay on the memory indefinitely,
enabling theMine sequence strucpaige to operate extremely fast. On a large database such as
Bellbird _TMI, it takes less than a second to mine and render all subsequences.

rewritten C++ code is publicly available at https://github.com/fzyukio/cspade-full, and
the Python wrapper is at https://github.com/fzyukio/python-cspade. Both versions were writ-
ten to be compatible with three main operating systems and can be compiled without incident
as long as there is a suitable C++ compiler (GCC on Unix/Linux, Clang on Mac and Microsoft
Visual C++on Windowshython-cspade  isalso provided as aninstallable package (available at
https://pypi.org/project/pycspade/) for any python project using PIP, which is also the method
of installation in Koe Advanced users with access to the Docker image or source code do not

need to compile SPADE separately, as it is already built-in to the installation process.

7.3.2 Networks

Koés networks visualisation is implemented using the force-directed graph model in the D3.js
library (Bostock et al. 2011). Force-directed graphs are widely used to simulate molecular dy-
namics such as the gravity or repellent forces between particles. Although birdsong syllables
don't have these dynamics, the force of the network is still useful to position the syllables aes-
thetically. In Koethe force is proportionate to the lift of alink, such that a strong lift produces a
strong force, thus the syllables at both ends of a link are pulled closer together. In order to pre-
vent collision, nodes also have an inherent repellent force similar to how two co-sign particles
repel each other.

Data for the graph comes from two sources: all single-syllable subsequences are used to con-
struct individual nodes, and all two-syllable subsequences found in the SPADE table are used
to create links between connected nodes. Lift and supports are used to initialise the pull and

repellent forces for each link. Next, nodes and links are fetched inBoforceSimulation to

107


https://github.com/fzyukio/cspade-full
https://github.com/fzyukio/python-cspade
https://pypi.org/project/pycspade/

draw circles (visualisation of nodes) and arrows (visualisation of links). Finally, the pull and
repellent forces are applied for the nodes to rearrange themselves. [é graph typically reaches
equilibrium in a few seconds, when the forces balance out and the nodes stop moving. @
graph automatically updates when the table is filtered, giving the user freedom to analyse any
subset of subsequences. [is feature is particularly useful when the repertoire contains a large
number of distinct syllables, which can make the graph crowded. Users can interact with the
graph by using the mouse to move nodes around to rearrange the graph in a different equilib-

rium. 05 is useful if the nodes are too crowded at the initial stable state.

Koeprovides a control panel on the left side dfline sequenCRCERIEEEEEEREREIE

Show node labels

structur@age through which the user can change the initial pa

Reactive pseudo start

rameters of the graph as they see fit. In addition to forces bt EEEEEE

Centering
tween nodes, the graphiKoelso contains three external forces

Repulsion: 10
exerted through three pseudo nodes: the pseudo start node RS

the beginning of a song, the pseudo end node at the end of aFigure 7.4: Control panel in

Mine sequence strucpage to

song, and a centre node, situated at the top left, bottom right, change graph parameters.

and centre of the graph, respectively. [@ pseudo start and end

nodes can be used as part of the analysis, e.g. which syllables have strong tendency to come
at the beginning/end of a song, while the centre node is simply to position the graph better.

[@ other controls such as repulsion, distance can be used to achieve better node separation
in cases where there are a small number of syllables tightly linked together or vice versa, the

default parameters in this case might lead to a graph that is too centric, or too separated.

7.4 Case studies: Evaluating song structure in NZ bellbirds

To analyse sequence structure in detdline sequence strucstiens the strength of association
between unit classes using the SPADE algorithm (Zaki 2001), and produces network visualisa-
tions. We used this to compare the sequence structure of male and female bellbird song on

Tiritiri Matangi Island, in the Hauraki Gulf, Auckland, New Zealand.
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Table 7.4: Key features of male and female song structure as extracted by the SPADE algorithm.
Results for NZ bellbird males (389 songs comprised of 5305 syllables) and females (138 songs comprised
of 1884 syllables) recorded on Tiri between February 2013 and December 2015. Rule length is how many
units constitute the association. Song count is how many songs the association occurs in. See text for
definitions of support, confidence and lift.

Rule | Associationrule Song | Supp- | Confi- | Lift
length count | ort dence
Male population
1 Dragon 201 | 0.52 | — —
1 Cough(TMI+click) 156 | 040 | — —
1 Downsqueak(hook) 135 | 0.35 | — —
2 Cough(TMl+click) Downsqueak(hook) 126 | 0.32 | 081 |233
2 START Stutter 113 | 0.29 | 0.29 |0.95
2 START Cough(TMIl+click) 90 |0.23 |0.23 |0.57
2 Dragodn END 115 | 0.30 | 0.57 |0.57
2 Moustache END 46 |0.12 | 081 |0.81
2 Cough(TMl+click) END 45 10.12 (029 |0.29
3 | [Trill! Dragon] Moustache | 32 |0.08 |086 |59
Female population
1 Stutter 129 | 093 | — —
1 Chiup 82 |059 | — —
1 Downcurve(doublevoiced) 50 [ 036 |— —
2 START Stutter 125 | 091 | 091 |0.97
2 Stutter) Stutter 117 | 0.85 | 091 |0.97
2 Stutter) END 52 1038 |0.40 |0.40
2 Downcurve(doublevoire@hiup 49 | 0.36 | 098 |1.65
9 [Stutter! Stutter! Stutter! Stutter! 21 | 0.15 0.75 | 0.80
Stutted v! Stutted Stutter) Stutter
11 [Stutter! Stutter! Stutter! Stutter! 10 | 0.07 0.77 0.82
Stutter!  Stutter! Stutter!  Stutter!
Stutted  Stutter) Stutter

7.4.1 Using SPADE parameters

One-unit ‘associations’ show prevalence of syllable classes in the population. [@ three most
prevalent classes for males airagon Cough(TMI+clicknd Downsqueak(hootigcurring in
52%, 40% and 35% of male songs, respectively. [@ three most prevalent female classetsire

ter, Chiupand Downcurve(doublevoiaazturring in 93%, 59% and 36% of female songs, respec-
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tively. [@ most prevalent male two-unit association,Cough(TMI+click) Downsqueak(hook)
occurs in 32% of songs. It has a confidence of 0.81; i.e. wBengh(TMI+clickccurs,Down-
squeak(hook&pmes next in 81% of songs. It has a lift of 2.33; iBownsqueak(hod&lows
Cough(TMIl+click) 2.33 times the number of songs as expected by chance. Male song most of-
ten starts with Stutter(29% of songs) @ough(TMI+click}3%). It most often ends witbragon
(30%)Moustach@ 2%) oCough(TMI+clickl2%). By contrast, for females, the importance of
Stuttelis apparent. Not only doeStutterstart in 91% of female songs, it also repeats (Beutter

I Stutte) in 85% and ends in 38%. Furthermo&tutteis commonly repeated many (11) times.

7.4.2 Using networks

Sexual dimorphism in two-unit sequences was examined at the population level with network
diagrams with a threshold of support 0:05 (Figure 7.5). [@ songs of both sexes contain some
nodes with many connections; these unit classes (dgagonn males,Stutterin females) can

be preceded/followed by many different classes. Both sexes also contain nodes which are always
preceded/followed by a certain class; for example, in malfggah(mid+Aj always followed by
Dragon, and in female®eakwhistle(TM§always preceded ytutter Both sexes sing repeated
units, represented by looped lines. For maleBragon Stuttey and Cough(TMI+click}or fe-
males: Stutter Stutter(waveyPipe(D#[7]+)and Pipe(E[7]) A notable difference in the female
network is the chain of strongly associated nodesillem! Pipe(Csh[7]+) Upsqueak _Flat-
squeak(1) Downsqueak(twopdrt)Down_Click_StepddwrStepdown(C[7]-C[6])

7.5 Conclusion

[is chapter presents several methods of sequence analysis made available to the front-end
user. lisis typically the last step in an acoustics process and thus concludes the workflow that

Koewas create to facilitate.

110



START

e

A tWaah(roughl
\\
Waahithin+low) .

Q Stutter

\ ) Downsqueak(hook)
Downsqueak(bitunder) _Pipe(low) T

Q 0 waah(mid+A)
™\ | Shrieky(uphook+lower)
\
Pipellaw)._ Ta'l°ff2 Cough(TMi+click) Upsqueak_Flatsqueak(3)
- Down(carunlock)
Dragon
/ -
/| Trill(short+twolines)
O Dragon(cleanjump) / N
o
/| ~
/ |
/ Shrieky(uphook)
/ N
Moustached | Oﬁ[{tall}
d) Waah(mid+A#)
START
™
@
B g
=] a.
z ] END
=
= $
Stepdown(C[7]-C[6]) g g
Down_Click_Stepdown L) g
- = a =] Stutter_Chirp
g 5 Stutter(wavey)_Chirp Q Peakwhistle(TMI)
Downsqueakitwopart) () Q ? /O Stutter_Stutter_Chivp
Upsqueak. Flatsqueak(1) PIDCEG#[E:]H | "\ . /S ) Stutter_Chiup(decurved)
| \ y
\ Downcurve(doublevoiced) g i
Pipe(CH[71+) N “Stuttef () Stutterfwavey)
|Llem — b‘ o 7
~@rchivp
d 4 \\
P4
Upcuwe(stepdownJ_P\pe(T)U \. Stutler{chEEU_O@ F"I;)EfD#[?]] ,Ongoubtevoiced)_cmup
Upcurve(stepdown)_Pipelé) Upcurve(stepdown)_Pipe(4)

) Pipe(#71)

Pipec(:é[ﬂbentl 'O
Pipe(E[7]) END

Figure 7.5: Network visualisations of male and female song sequence structure. [ networks show
two-unit associations for (A) male and (B) female NZ bellbird song on Tiri. [ networks are produced
from the SPADE data in Table 7.4. Key features of male and female song structure as extracted by the

SPADE algorithm.. Each node represents a unit class. Colours of the nodes represent frequency of
occurrence, with darker, redder nodes being more frequently recorded classes. [é arrows show
directions of the association. litkness and darkness of the arrows represent the strength of the

association. [@ networks have been filtered to show only those associations that occur in more than

5% of songs. Classes that start or end in at least one instance are tethered to the START/END nodes,

respectively, with thin grey lines.
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CHAPTERS

CONCLUSIONS

Kods an end-to-end solution for large-scale, high-resolution classification and analysis of an-
imal vocalisations. It features tools for segmenting, comparing and classifying acoustic units
and analysing sequence structure. Interactive ordination and unit tables provide a major ad-
vance in classification speed and robustness over existing methods. [e use of SPADE and in-
teractive force-directed graphs provides unmatched capability to perform sequence analysis
and pattern discovery even for large repertoires of syllable types. | have presented several case
studies to demonstrate the power dfoeat each step of the acoustics workfloviKkoewas de-
signed primarily for taxa/questions requiring acoustic classification; howeuJgaes not lim-

ited to such cases. Where classification is notthe aim, e.g. in animals where vocalisations show
graded (non-discrete) variatiorKoes still a powerful tool for efficient extraction of measure-
ments, which can be exported for analysis. Being web-based and accessible from any device,

Koss ideal for collaboration, teaching and citizen science.

8.1 Key contributions

Koehas been well-received after its release (see Fukuzawa, Webb, et al. (2020) for the official
publication) and is now used by numerous researchers around the world (at the time this thesis
Is written, Kods hosting more than 2000 databases). [is thesis goes beyond the scope of doc-
umenting the design and functionality of a new software; each chapter in this thesis has aimed

to answer key scientific questions: a) is it sensible to automated this process? b) If so, what
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algorithm can be used to automated the process? c) If not, what is the reasoning for retaining
manual process? By answering these questions, | have tried to establish from the computer sci-
ence point of view a standard bioacoustics workflow that can be fine-tuned to the user’s specific
targets and needs.

[@ intended audience of this thesis is computer scientists and advanced userskafenvho
wish to customise and expand existing functionality #foeto suit their needs. Expandability

has been the aim oKodrom its inception, as | have demonstrated throughout.

8.2 Future work

Advanced users dfoewill find an abundance of extra tools and features thbegorovides at the
backend, such as automated segmentation, automatic classification, recursive labelling based
on syntax analysis, various tools to import/export data to and from different sources. [@se
tools have not been made available to the front-end users due to the limitations of in-browser
computation, browser compatibility issues, but mostly due to the complexity of bringing ma-
chine learning to the browser. However, it is definitely possible to do so through libraries such
as Tensorflow JS (Smilkov et al. 2019), Essentia.js (Joglar-ongay and Serra 2020). High per-
formance at the client-side can be achieved by rewriting the computational cor&adin We-
bAssembly (Webassembly Community Group 2020). It is worth mentioning that out of these
future endeavours, client-side automatic segmentation has already been implemented in the
most recent version oKoeand is undergoing quality assurance before releasing to the public.
Auto-encoder based feature extraction as presented in Section §85.3.2 has potential to greatly
simplify one of the most challenging steps of the workflow by eliminating the needs for trial-
and-error in feature selection. [@ proof of concept as presented in this thesis proves very
promising, though considerable work is needed to incorporate auto-encoder into the feature

extraction step.

8.3 Dataavailability

All Koeusers have automatic access to tBellbirds _Case_Study database analysed in this

thesis. Auser manual and step-by-step tutorial to reproduce our analyses is available atkoe.io.ac.nz.
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