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MIXPREP: MACHINE LEARNING-BASED MULTITRACK MIX
PREPARATION ASSISTANT

SUMMARY

Music production is a general term for describing a set of complicated processes where
artistic and technical efforts are involved. Besides the artistic part, the technical side
of some parts has regular iterative works. This study focuses on the mix preparation
step of the multitrack audio mixing stage in music production by seeking an automatic
software solution regarding the intelligent music production paradigm.

The structure of the dissertation consists of four components: Theoretical background
with fundamental definitions of knowledge both in music production analysis,
instrument recognition theories and applications, the approach and explanation of the
development of the proposed assistant software, and last but not least, an experiment
stage comprising of performance testing with many multitrack projects.

Before diving into the development stage, the perspective and the definition of the mix
preparation are presented after introducing the music production with a brief historical
background. Afterwards, delineation of the intelligent music production research field
apart from subjective interests takes part.

Instrument recognition literature takes an important part in the conceptualization of
the automatic mix preparation solution. Because of that, an extensive historical
background in the instrument recognition field is given without getting into redundant
theoretical aspects. Apart from that, a reasonable amount of information about the
definition of the fundamental concepts of digital audio, audio content analysis and
machine learning seemed appropriate to be mentioned since the audience of this
research addressed in the music technology field.

After providing the fundamental theoretical background, the software development
approach for the mix preparation assistant is presented. This section explains the
software structure by stating the basic requirements of the mix preparation regarding
design concerns of the graphical user interface (GUI) consideration for practical usage.
The main issues are the GUI layout, software usage, and building a dataset with a
related machine learning model.

Eventually, a loop-based audio dataset creation approach and ML model are put
forward by testing their performance with many audio files from 80 multitrack audio
projects in four musical genres (Pop, Rock, Jazz, Electronic/Dance). The experiment
is set concerning instrument families provided in the dataset and genre-related
performance estimations of each one. The results were interpreted by accentuating the
crucial points of implementing the ML-based mix preparation solution. Detailed
evaluation results are in the appendices.

This study proposes a concept of intelligent mix preparation software by providing a
methodology for the design concept and application.
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MIXPREP: COK KANALLI SES MiKSAJ HAZIRLIGI iCIN MAKINE
OGRENMESi TABANLI ASiSTAN

OZET

Miizik prodiiksiyonu teknik ve artistik bircok karmasik islemin dahil oldugu siirecler
biitiiniinii temsil eden bir terim olarak karsimiza g¢ikmaktadir. Ses miihendisligi
acisindan bakildiginda prodiiksiyon; kayit, miksaj ve kaliplama (mastering) seklinde
lic ana asamada ele alinir. Ses miihendisleri iiretilecek miizigin tarzini, tiiketim
ihtiyaclarini, geleneksel uygulamalarin sagladigi birikim ile; ancak gilincel ihtiyaglar
da g6z onlinde bulundurarak, sanatsal ve estetik agidan degerlendirip prodiiksiyon
asamalarmi gergeklestirirler. S6z konusu bu sanatsal ve estetik degerlendirmelerin
kayit mekanmin akustigi, mikrofon tercihleri ve yerlesimleri, kullanilacak ses
islemcilerin tercihi, stereo alanda calgilarin yerlesimi, dinamik aralik kullanimi ve
daha birgok teknik kararlarin verilmesinde 6nemli bir rolii vardir. Sanatsal ve estetik
kararlar kismi1 bir yana, miizik prodiiksiyonunun bazi adimlarinin teknik kisimlari
kendini tekrarlayan rutinlere sahiptir. Bu rutinler, prodiiksiyonun kapsam ve
bliyiikliigline bagl olarak uzamakta ve ses miihendisinin iizerinde c¢alistig1 albiime
estetik acidan harcamasi gereken enerjiyi ve zamani ¢almaktadir. Bu rutinlerden en
dikkat ¢ekici olan1 ¢ok kanalli ses miksaj hazirligi uygulamasidir. Miksaj hazirhigi,
miks miihendislerinin ¢ok kanalli miksaja baglamadan 6nce, DAW (Digital Audio
Workstation) projelerini kendi is akislarima gore ayarladiklari, projeyi olusturan
kanallar tizerinde gerekli gordiikleri diizenleme ve diizeltmeleri yaptiklart tim
uygulamalar1 kapsamaktadir. Miksaj hazirlik asamasi, her ne kadar ses miihendisleri
tarafindan gerekli bir rutin olarak degerlendirilse de 0Ozellikle biiylik albiim
projelerinde her bir sarkinin sahip oldugu onlarca kanal (audio tracks)
diistintildiiglinde, olduk¢a zaman alan bir uygulamadir. Bu ¢alismanin amaci, yeni bir
arastirma alani1 olarak karsimiza ¢ikan akilli miizik prodiiksiyonu (intelligent music
production) caligmalar1 kapsaminda, miizik prodiiksiyonundaki ¢ok kanalli ses miksaj
hazirhigimi otomatiklestirmeyi hedefleyen bir yontem gelistirmek ve bu yontemi bir
yazilim ¢6ziimii olarak ortaya koymaktir.

Bu calisma alt1 boliimden olugsmaktadir. birinci boliimde; amag, kapsam ve hedefler
belirtilmis, ikinci bdliimde; miizik prodiiksiyonunun teorik arka plani ve temel
kavramlaria yer verilmis, tigiincii boliimde; bu ¢alismanin yontemi baglaminda yer
alan ¢alg1 tanimlama ¢aligmalarinin literatiird, ilgili teori ve uygulamalar agiklanmas,
dordiincii boliimde; ¢ok kanalli ses miksaj hazirli§1 yaziliminin tasarim siireci, bu
stirecte takip edilen yontem ve prensipler (tasarim yaklasimi, yazilim arayiizii ve
kullanim1 vb.) ortaya konmus, besinci boliimde; gelistirilen yazilim ile ¢cok kanalli
proje dosyalar1 test edilerek, yazilima entegre edilen ¢algi tanimlama temelli makine
O0grenmesi modelinin basar1 sonuglar1 dl¢iilmiis ve degerlendirilmistir. Altinc1 ve son
boliim olan sonu¢ kisminda ise bu alanda yapilacak olan ileriki c¢aligmalar igin
arastirma onerileri sunulmustur.

Ikinci béliimde, miizik prodiiksiyonunun tanimi ve tarihsel gelisiminin zaman iginde
degisimi manyetik bant dncesi donemden baslanarak acgiklanmistir. Ozellikle analog
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donemin parladigr 60’lardan sonra, manyetik bant teknolojisinin bir kayit ortami
olarak miizik endiistrisine ve dolayisiyla ses kayit stiidyolarina girisi, buna bagli olarak
da zaman icerisinde olusan teknik dil ve yillar igerisinde sekillenen prodiiksiyon
stirecleri giinlimiiz prodiiksiyon rutinlerini anlamak a¢isindan énemli bir bilgi birikimi
sunmaktadir. Bu birikim, her ne kadar giiniimiiz miizik prodiiksiyonu uygulamalari
artik tamamen sayisal kayit sistemler ile gerceklestirilse de gegerliligini korumakta ve
halen faydalanilmasi acisindan Onemlidir. Yine bu kisimda, glinlimiizdeki
prodiiksiyon asamalar1 belirtilmis ve ses miihendisligi kavrami bu baglamda
aciklanmistir. Miizik prodiiksiyonunun bir alt asamasi olarak ¢ok kanalli miksaj
hazirhg detayli bir sekilde agiklanmis ve Onemi ortaya konmustur. Bu baglamda
miksaj hazirligi; kanallarin proje igerisindeki organizasyonlar1 (track organization),
miks miihendisinin miizik tarzina bagli 6znel tercihleri (style dependent) ve ses
kanallarmin igerikleri iizerinde yapilacak diizenleme/diizeltmeler (edit-based) olacak
sekilde kategorize edilmistir. Kanallarin organizasyonu; alt gruplama, alt grup
renklendirme ve isimlendirmeleri, bu alt gruplar igerisindeki sinyal yonlendirmelerinin
yapildig1 genel uygulamalar1 kapsamaktadir. Miizik tarzina bagl 6znel tercihler ise,
bir miks miihendisinin, yapilacak alt gruplamalar ve bu alt gruplarindaki sinyal
yollarinin (buss) proje igerisindeki yerlesimleri, ses kanallar1 ve/veya sinyal yollarinda
kullanacak ses iglemcileri ve diger ses efektleri hakkindaki tercihleridir. Kanal igerik
diizeltmeleri temelli (edit-based) uygulamalar ise her bir kanalin tek tek dinlenmesini
gerektiren; kesme/bigme, ad degistirme, faz diizeltme perde diizeltme (pitch
correction) gibi islemlerin yapildigi, kontrolleri ifade etmektedir. Ardindan, bu tezin
hazirlamasinda ¢ikis noktasi olan akilli miizik prodiiksiyonu ¢alisma alani ve hedefleri
kisaca agiklanmistir. Akilli miizik prodiiksiyonu c¢alisma alani, yukarida bahsedilen
rutinleri otomatiklestirmeyi hedeflemektedir. Otomatik ¢ok kanalli miksaj, akilli ses
islemciler, miizik uygulamalarinda semantik sistemler, oyunlar i¢in otomatik ses
tiretimi vb. ¢oziimler akilli miizik prodiiksiyonu ¢alisma alani ile iligkilidir.

Calg1 tanimlama caligmalar1 ile ilgili literatiiriin, bu calismada yer alan otomatik
miksaj hazirlik yaziliminin tasarlanmasinda 6nemli bir rolii vardir. Bu nedenle, ¢algi
tanimlama literatiiriinlin tarihsel siireci, fazla teorik detaya girilmeden bu kisimda
ortaya konmustur. Boylece, bu alanda ¢alisacak olan aragtirmacilar i¢in degerli bir
literatiir 6zeti olusturulmasi hedeflenmistir. Literatiir 6zetinden sonra sesin olusumu,
sayisal ses, sinyal, sayisal ses sinyali ve sayisal ses isleme ile ilgili temel bilgiler
aciklanmistir. Yine bu kisimda, ¢alg1 tanimlama algoritmalarinda kullanilan 6znitelik
cikarim (feature extraction) yontemleri ve makine O6grenmesi ile ilgili baz1 temel
kavramlar yeterli goriildiigii derecede; bu calismanin hitap ettigi arastirmaci kitlesi goz
Oniinde bulundurularak boliim tice eklenmistir.

Yukarida bahsedilen bilgilendirmelerden sonra, dordiincii boliimde; bu arastirma igin
otomatik miksaj hazirlik yaziliminin gelistirilmesi sirasinda takip edilen yontem ve
yaklagimlar ortaya konmustur. Yazilimin hangi DAW ile calisacagi, gelistirilecegi
platform, igerisine gomiilecek olan makine 6grenmesi kiitiiphanesinin se¢imi; ¢algi
ailelerine uygun veri seti ve bu veri seti ile makine 6grenmesi modelinin olusturulmasi
gibi konular irdelenmistir. Bu yazilim gelistirilirken, grafik arayiiziiniin basit ve kolay
kullanilabilir olmasi, hizli tepki siiresine sahip olmasi, 6zellestirilebilme ve c¢algi
tanimlama temelli makine 6grenmesi modeli ile yapilmis alt gruplandirmalarin
kullanicr tarafindan hizl bir sekilde degistirilebilmesine olanak saglamasi gibi kriterler
On planda tutulmustur. Yukarida bahsedilen miksaj hazirlik yaklagimlar1 géz 6niinde
bulunduruldugunda, bu ¢aligma sadece kanallarin proje igerisindeki organizasyonlari
ile kisitlanmigtir. Buna gore bu yazilim; proje icerisindeki alt gruplarin olusturmasi,
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isim ve renklendirmelerinin yapilmasi; 6te yandan, bu alt gruplardaki sinyal akislarinin
diizenlenmesi gorevlerini bir makine 6grenmesi yontem ve modeli yardimi ile
otomatik yapacak sekilde gelistirilmistir. Bu baglamda, yazilim gelistirme platformu
olarak Python ve DAW olarak da REAPER tercih edilmistir. Kullanici, yazilimin
grafik arayiiziinii kullanarak proje dosyasinin icerigindeki ses dosyalarini yazilim
igerisine dahil eder. Ardindan projedeki ses dosyalari kullanici tarafindan on adet (grup
A’dan, ... grup I’ya) 6n taniml alt grupta i¢in, grup ismi ve renklerini degistirilerek
organize edilebilir. Yine bu islem yazilima gomiilii, daha 6nceden amaca yonelik bir
ses kiitliphanesi ile yaratilmis bir veri setinin kullanildig1 makine 6grenmesi modeli ile
otomatik olarak da yaptirilabilir. Otomatik alt gruplama icin bu ¢alismada bir tekrarl
ses (audio loops) kiitiiphanesi kullanilmis ve bu ses kiitiiphanesi alti calgi ailesi
(vurmalilar, baslar, gitarlar, tuslular, yaylilar ve iiflemeliler) olusturacak seklinde
diizenlenmistir. Diizenlenen dosyalar ile ses igerik analizi yontemleri kullanilarak
zaman ve tin1 bazl 6znitelikler ¢ikartildi ve bir veri seti meydana getirildi. Devaminda,
SVM makine 6grenmesi algoritmasi ile bu veri seti ile egitilerek bu tez kapsaminda
belirlenen ¢algi ailelerinin tanimlanmasi amaciyla bir makine modeli olusturuldu.
Oznitelik ¢ikarrmi  ve smiflandirma temelli makine &grenmesi modeli igin
pyAudioAnalysis kiitiiphanesi tercih edilmistir. Normalde konsol bazli c¢alisan bu
kiitliphaneye detayli bir grafik arayiiz eklenerek bir modiil haline getirilmis ve miksaj
hazirlik programi igerisine gomiilmistiir. Bdylece kullanicilara, tercih ettikleri
Oznitelikler ve istatistik hesaplamalara gore veri seti ve modeller olusturabilmeleri igin
imkan saglanmistir.

Besinci boliimde, bu caligma kapsaminda iiretilen alt1 ¢algi aileli veri seti ve ilgili
makine 0grenmesi modeli, dort miizik tarzinda (Pop, Rock, Caz, Elektronik/Dans)
toplamda 80 adet ¢ok kanalli miizik projesi ile ayr1 ayr test edilmistir. Proje bazli bu
testte basar1 Ol¢iitii olarak, her bir ses dosyasimin (kanal) ismi ile o ses dosyasinin
mevcut makine modeli tarafindan yerlestirildigi calgi ailesine uyumlulugu kriter
olarak almmistir. Ornegin, drums.wav isimli bir ses dosyas1 eger ¢alg1 tanimlama
algoritmasi tarafindan davul ve perkiisyon sinifina yerlestirildiyse bu sonug basarili
sayillmistir. Bu test ile toplamda 1428 adet ses dosyasit mevcut veri seti ve makine
ogrenmesi modeli ile denenmis ve bunlardan 924 tanesinin dogru smiflandirildig:
goriilmiistiir. Boylece uygulamada mevcut modelin genel basari oraninin 64.71%
oldugu gozlemlenmistir. Calgi gruplari i¢in basari oranlari, Davul ve Perkiisyonlar i¢in
84.80%, Baslar i¢in 67.72%, Yaylilar i¢in 61.11%, Gitarlar i¢in 53.66%, Uflemeliler
i¢cin 25.00% ve Tuslular i¢in ise 16.44% oldugu goriilmiistiir. Miizik tarzlar1 agisindan
basari oranlart ise Rock icin 68.52%, Pop i¢in 65.89%, Caz igin 67.20%,
Elektronik/Dans i¢in 57.10% olarak belirlenmistir. Detayli sonuglara tezin ekler
kisminda yer verilmistir.
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1. INTRODUCTION

Music production is a general term that contains the embodiment of artistic and
technical processes which exist along with different layers of complexities from music
composition to distribution. Previously, music production had required dedicated
facilities which a limited number of people could reach until digital audio recording
technologies became more accessible thanks to the contribution of personal computers.
Now, the DAWs are essential tools for music production. Due to practical reasons and
low expenses, the overwhelming majority of music creations appear in the DAWs as

“in the box™ at home studios or project studios with more affordable audio equipment.

Generally, music production consists of three steps: recording, mixing, and mastering.
These steps conjugate into one mission wherein many sound sources are coherently
assembled to support the musical narrativity containing different procedural
difficulties and artistic choices of production. Whereas the steps benefit from common
sound processing principles regarding the technical side of the production, each has its
priority while dealing with a specific task. Before starting multitrack mixing, mix
preparation is an essential routine that engineers frequently perform, particularly for
larger projects. The mix preparation involves some procedures that importing tracks
into a DAW, naming individual tracks correctly, putting the tracks in order according
to their importance and musical functions, assigning colors to grouped tracks, creating
channel groups, VCA and folder tracks, aux channels for the usage of subgroups and

audio effects such as reverbs, delays, or parallel compression, track editing and so on.

Digital audio technologies broadly affect communication, consumption and listening
experiences of the society. Voice recognition, audio fingerprinting, music
recommendations systems are some technologies that have proved their commercial
potentials over the years. On the other hand, in music applications, technology has led
to many ground-breaking innovations and inventions such as beat detection,
autotuning, audio time alignment, hardware emulations, and remote collaboration.
Most of them may be categorized as “assistant tools”, which help the engineer to do

his/her job more quickly and precisely. Those kinds of audio technologies have



become available thanks to the combination of different disciplines. One essential
discipline is audio content analysis (ACA), which is considered a subordinate of the
music information retrieval (MIR) field. After data acquisition is made from audio by
ACA methods, the audio data is interpreted and classified by machine learning (ML)
or artificial intelligence (AI) methods. Implementation of these methods into any part

of the music production has created a new concept: “Intelligent Music Production”.

This study proposes a new approach to the mix-preparation of music production by
referring to instrument classification solutions based on ACA and machine learning

methods to estimate audio subgroups.

1.1 The Aim, Scope, and Objectives of the Study

Mix preparation is a well-known and common practice for audio subgrouping,
coloring, ordering (channels), rough mixing, etc., before a multitrack mix session
starts. However, there is nowadays no attempt to make this practice a more effortless
process. The DAWs do not provide any dedicated solution to execute this process
automatically and intelligently. If mix preparation becomes automatic by the DAW or
external software, engineers can start the multitrack mixing step earlier without losing
their energy for reviewing and organizing individual tracks. This study investigates
how an intelligent mix preparation assistant can be created with the available software
tools. The proposed intelligent mix preparation assistant model can automatically

subgroup the related audio files by coloring and naming with predefined parameters.

For mix-preparation, neither qualitative approaches over subjective preferences nor
new techniques and methods are available in this study; yet, only some track
organization related part was taken into account considering available practices.
Moreover, this study is limited only to the existing audio analysis and machine learning

algorithms to deal with the track organization-based mix preparation solution.

The first objective was to determine the feasibility and applicability of fundamental
practices of the track organization-based mix preparation steps. Then the software

features were discussed.

The second objective was to obtain the software development platform to implement
the track organization on the mix preparation. The decision over the software

development platform depends on whether this software works with DAW or as a



standalone. Since importing and organizing the audio files in a session will be an
elaborate task, an open-source DAW as a testbed will be beneficial. Additionally, a
GUI is a obligatory feature of the software to interact with users to control session

preferences.

The third objective was to find an audio library and appropriate automatic subgrouping
algorithm to estimate instrument families of the multitrack project files to create a
dataset for the experiment. Because dedicated instrument group/family names must be
known before the audio subgrouping tasks, a supervised ML algorithm seemed

adequate to classify temporal and spectral audio features.

1.2 Methodology

This study is practiced upon open-source audio analysis and ML libraries in the Python
programming language, thus requires an audio dataset while distinguishing predefined
instrument classes by a supervised ML. The low-level audio feature extraction and
statistical calculations are essential data acquisition techniques that enable the creation
of audio datasets from audio sources. However, the necessity of gathering and
organizing many audio files on purpose to attain a dataset from various audio sources
may become quite challenging. Therefore, since it has royalty-free content, the Apple
Jam Packs loop library is preferred in this study. The library was revised, organized,
and categorized into individual folders regarding instrument classes as
Drumsé&percussion, Bass, Guitars, Keyboards, Strings, and Wind; then the dataset was

procured with the process of feature extraction.

The audio feature extraction process comprises temporal and spectral features and a
related dataset used for the ML model on SVM with RBF kernel. The dataset is also
checked with all ML algorithms provided with MATLAB.

Lastly, the model is tested with 80 multitrack project files from an open internet source.
The projects were collected considering four genres for which 20 projects were
available. The model success rates were examined by comparing the annotations of

each audio file and their instrument family estimation results by the ML model.






2. MUSIC PRODUCTION

Music production defines the music creation process that combines different technical
and artistic skills. Hepworth-Sawyer and Russ (2010) describe music production as
“...an expression of the creative and artistic development of music both in and out of
the studio.” (p 17). Previously, music production took place in dedicated environments
where limited technologies and human sources were used. The traditional music
production hierarchy comprised of producer, engineer, assistant engineer, and tape
operators whose responsibilities were clearly specified during the music creation

process (Hepworth-Sawyer & Golding, 2010).

Over the years, music production standards and habits have been changed by the
emergence of new technologies. After the advent and requisition, tape recorders
became one of the most crucial revolutions in recording technologies. Alexander
(1994) highlighted that pretape technologies were expensive and unforgiving over
mistakes in music production (p. 119). At that time, musicians or bands had to be
carefully placed into a venue and recorded only with one microphone into vinyl, and
there was no chance to correct recording mistakes except recording them again and
again. In the 1960s the availability of 4-8 track tape recorders brought a new
methodology which is called overdubbing by which the musicians could listen to
previously recorded tracks while their performances were being recorded over a new
track. Also, engineers could change individual channel levels thanks to multitrack tape
recorders. In the 1970s, 24 tracks recording tapes became standard in the industry, so
almost every instrument started to be recorded on a dedicated channel without
concerning leakage; yet, clear and dry recording opportunities changed the design of
studios’ infrastructures by requiring isolated booths and reverberation chambers. In
the 1980s, the track numbers increased up to 48-72 in tape recorders, which led to
further separation over the recordings, causing promotion of the expectation to create
“bigger sound” with newly incoming digital reverberation algorithms. This
expectation may explain why the excessive usage of reverberation and gating on audio

tracks (especially in drum recordings) was prominent. In the 1990s, 24-32-48 tracked



digital recording systems were adapted to the studio environments. The rising of digital
technology had also changed music production using loop and audio replacements,
and computers started to take place in the studio environments. After the millennium,
digital technologies were approved providing some advantages, namely distribution
and migration, low budgets, infinite number of tracks, easy session recall and access;
however, this induced the questioning necessity of large recording studios due to their
affordability and caused the proliferation of small project studios (aka home studios)
where recording and mixing are conducted with low budget (Weekhout, 2019, p. 7—

11).

Song writing
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Figure 2.1: The music production steps.

In the general sense, the steps of music production consist of song writing,
arrangement, recording, mixing, mastering, and releasing routines (Figure 2.1). Even
though the term “sound engineering” is associated with a profession in which the
technical skills and abilities seem to dominate, musical and artistic skills are also
required. Furthermore, sound engineering may also entail a certain level of knowledge
and artistic skills to carry on their musical tendencies in low-budget productions,

which is also quite common in today’s music.

For mixing, in the early days of the 1950s, there were one channel mono tracks, and
recordings required minimal mixing. The innovation of Self-Sync technology (in

1955) allowed overdubbing, and an increasing number of tracks on multichannel tape



recorders in studios changed mixing philosophy. Today’s mixing approaches are very
similar after 24 track tape recorders showed up in 1975. While the number of channels
increased, mixing turned into complex tasks needing extra labor at that time. The
complexity was solved by the arrival of automation, total recall, and reset functions
into the mixing consoles. After 2001, the “mixing in the box” term showed up because
music production became a computer-centralized process, and budget drop in album

projects urged mix engineers to work from their home studios (Owsinski, 2014b, p. 4).

Even though the concept of mastering has changed over the years, the principle behind
it stays the same as making the album sounds sonically equal for professional and
home systems. Previously, mastering was considered to make songs of an album
sonically similar and coherent; but today, it is a process of fine-tuning the level,
frequency, and metadata of a track for release. We observe that mastering appeared as
a process by the invention and commercial usage of magnetic tapes in the recording
industry. In the past, the mastering engineers, called transfer engineers because their
job was to transfer tape records of albums to vinyl masters for releasing them. That
was a painstaking task due to level changes possibly damaging the master vinyl (even
cutting stylus or lathe) or causing a low SNR signal on the disc. The distinction
between job descriptions of recording and mastering engineers became apparent with
the innovation of overdubbing technology in 1955. Afterwards, the availability of
commercial stereo vinyl pushed the industry to another level (in 1957). At that time,
mastering engineers were also called cutters. They started to use equalization and
compression to make discs louder because louder songs attracted the listener’s
attention on the radio, resulting in increasing album sales. Since the CDs came as a
new medium in 1982, mastering was the first music production step adapted to this
technology. In 1995, the compressed audio formats (such as MP3s) dawned with size
and distribution advantages, and mastering engineers had to learn how to get the best
results for themselves. After 2002, the in-the-box workflow was an inevitable

approach to mastering like mixing (Owsinski, 2014a, pp. 4-7).

Nevertheless, even the steps of production stayed more or less same, its boundaries
have evolved after the emergence of the digital recording systems by pervading usage
of DAWs from semi-professionals to novices over the years. The affordability of the
recording technologies allows artists to create music at home without building a

dedicated recording studio. This type of music production is beneficial for “bedroom



musicians” who want to make music with low budgets, whether professionally or not,
and “bedroom production” contributes to the proliferation of music creation, too.
Thanks to technology, today, artists have countless opportunities to create and share
their music without bothering with the overwhelming technical rigors of the
production that were required to be handled by certain efforts and skills regarding

conventional music production steps in the past.

2.1 Definition of the Mix Preparation

It is a well-known fact that mix preparation is a rational habit where the session
organization proceeds regarding some categorical perspectives of the building
strategies of the mix by the engineers. The fundamental approach is to organize the
project tracks according to their functions in an arrangement. The duration of mix
preparation depends on the scope of the project. Owsinsky (2014b) explains the mix
preparation in two categories: Session preparation and personal preparation.

Owsinsky’s categorization over session preparation can be summarized as follows:

e Track organization: Arrange and reorder tracks, give colors to tracks, create

groups and subgroups, use section markers.

e Style dependent: It is related to how engineers prefer to set their mixing
workflows while approaching a specific genre of music; what audio processing
will happen during the mixing; what type of equalizers, compressors, limiters,
reverbs and other audio plugins and their replacements will be applied to the

tracks.

e Edit based: This category comprises some efforts that engineers do such as
tweaking the timing of the tracks, eliminating noises, checking the tracks'
labels and fades, making a session file copy, tuning audio tracks (especially for

vocals), deactivating/hiding tracks or deleting empty tracks, and so on.

Mix preparation is very critical to achieve professional-level results in music
production. Besides, in professional studios, it is easy to find any dedicated or
volunteering staff who takes on the mix preparation task. But, in low budget projects
or smaller studios (like home studios), this task is a burden for the mixing engineer

(Senior, 2011).



2.2 Intelligent Music Production (IMP)

In the general description, music production is a process that combines creativity and
artistic developments in music, whether it is held in a studio environment or out
(Hepworth-Sawyer & Golding, 2010). When referring to the term “music production”,
we depict a complex structure that conjugates a chain of tasks such as composition,

arrangement, recording, editing, mixing, and mastering.

Application of Intelligence Systems (IS) has been studied widely since the 1990s. The
emergence of IS was to solve intricate and challenging problems that could not be
solved by mathematically modelled traditional methods. Those systems can be
designed to solve a problem by conduction soft computing techniques'or AI (C. et al.,

2009, p. 19).

In May 2000, an outstanding article was published in the journal of the Audio
Engineering Society. On that paper, a vision of the emergence of a new research field
combining intelligent systems and music production was given as “intelligent
assistants” (Moorer, 2000). This idea developed in time and became the concept that
Intelligent Music Production (IMP). Today, a good amount of literature exists in that

field.

According to De Man et al. (2019), “The purpose of many IMP tools is to reduce the
work burden on the engineer, producer or musician, and to explore the extent to which
various tasks can be automated” (p. 13). The subjects of IMP are Intelligent Assistants,
Semantic Interfaces, Metering and Diagnostics, Interactive Audio. Moffat and Mark

(2019) indicate three aspects of IMP when considering these subjects:

e Levels of Control: The engineer allows the system to do audio processing with
different levels of controls. It can be achieved manually with data
visualization, recommendation, independent modification of the parameters,

or automatically.

e Knowledge Representation: Identification of solution for processing by given

audio. This includes data representation and identification of engineers’ habit

! Machine Learning techniques such as Neural Networks, Fuzzy Logic Systems, Evolutionary
Algorithms.



on a task, or any procedural task defined by empirical formulas or data-driven

approaches such as machine learning and deep learning systems.

¢ Audio manipulation: Acting with the knowledge of the presentation of the

data, such as adaptive audio effects do.

Those aspects can be applied to every step of music production.
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3. INSTRUMENT RECOGNITION

Instrument recognition studies started to appear in the early 1990s. Previously, the
implementation of cepstral coefficients being successful in speaker identification
systems motivated the usage of the same approach for instrument identification tasks
“since a musical instrument can be viewed as a source plus resonator similar to a
human speaker” (Brown, 1998, p. 1890). Instrument identification studies examine the
audio file sources in two main categories as monophonic and polyphonic. A
monophonic source audio file, also known as single-sourced or isolated-sound,
contains only a single instrument during the whole recording. On the other hand, a
polyphonic audio source comprises more than one instrument that sound
simultaneously. Generally, the instrument identification studies were concentrated on
single-noted solo recordings taken from audio libraries such as MUMS? and UIOWA3,
However, for traditional (non-western) instrument recognition studies and early
polyphonic-sourced recognition experiments, researchers consulted some custom
libraries in the course of time. It is observed that the identification studies for

polyphonic-sourced instruments gained importance after 2000.

3.1 Instrument Recognition Literature

One of the earliest studies in the monophonic instrument recognition model was
presented by Kaminskyj and Materka. In this model, the classification performance of
Artificial Neural Network (ANN) and Nearest Neighbor Classifier (NNC) algorithms
were tested for a dataset that consists of RMS energy envelopes of four non-
synthesized instruments (guitar, piano, marimba, accordion). The note range of the
samples was limited (between C4-C5) in five different volumes. NNC showed slightly
better performance (100% and 98.1% in different setups) over the ANN (97.7%) under

the experimental conditions (1995). An extended version of this experiment was also

2 McGill University Master Samples.
3 University of lowa Musical Instrument Samples.
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presented by Kaminskyj and Voumard (1996). This time, nineteen different orchestral
instruments from the MUMS library were examined with broad low-level audio
features: amplitude envelope, constant Q frequency spectrum, spectral onset
asynchrony, spectral onset peak position asynchrony, harmonicity/overtones,
brightness, and articulation. According to the writers, these seven features and the

classification methods provide successful results.

Martin and Kim (1998) present a pattern recognition technology with a taxonomic
(hierarchal) approach for instrument recognition. In the taxonomic approach,
instruments are divided into families such as strings, plucked, winds, etc.; then, they
are classified individually. The auditory model is called a “log-lag correlogram” that
measures perceptually salient acoustic features. These features were taken from 1023
individual tones within the overall pitch ranges for 15 orchestral instruments. The
dataset was created with string, woodwind and brass families examined with Gaussian-
based classification models. The attained identification accuracies were 70% and 90%
for individuals and family classifications, respectively. There are two significant
results. First, humans recognize objects taxonomically because of that a computer
system will benefit from this approach. Second, timbre related acoustic properties in

literature are helpful for instrument recognition.

Brown (1998) adapted the speech identification technique into instrument
identification. The related speech identification system had been proposed before by
Reynolds and Rose (1995), the idea behind that an instrument can be a source plus
resonator as a human voice. The system was comprised of a Gaussian Mixture Model
with Cepstral Coefficients. In this experiment, two wind instruments (oboes and
saxophones) were used for the identification task. The result shows that the method

can be used for instrument recognition.

Eronen and Klapuri (2000) presented the pitch independent musical instrument
recognition method. This work aimed to build a more robust instrument recognition
system with the guidance of the previously suggested recognition works. Cepstral and
temporal features were combined to achieve this aim. 1498 solo tones and 30 orchestral
instruments with different articulations were included in this research. Cross-
validation with 70%/30% splits of train and test data were used. As a result, 94%

accuracy for instrument family and 80% for individual instruments were achieved.
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According to the paper, the hierarchal structured system is beneficial if more

instruments with broad datasets are needed to be processed.

Wieczorkowska et al. (2003) highlighted the intriguing of automatic information
extraction and explored how the sound presentation can be optimized by using MPEG-
7 descriptors and their combinations in musical instrument recognition tasks. The
multimedia data that provides title, time author, and similar meta-data information
were not enough to estimate content-based searching such as the tune, segments, and
instruments being played. Besides, there are no feature extraction algorithms available
in the MPEG-7’s multimedia content description interface. Therefore, the rough sets-
based analysis method was applied to some patterns of observed features, and they
were analyzed with the KDD (Knowledge Discovery in Databases) training data
analysis method. That was a novel approach that applied data mining methods for

particular audio samples.

Lee and Chun (2002) presented a feasible HMM (Hidden Markov Model)-based
instrument recognition method. The algorithm divides the audio into its sinusoid and
noise components; then, extracts amplitude from the sinusoid. Three instruments
(flute, oboe, and violin) from MUMS and 40 samples for each were taken. With the
three types of spectral audio features (amplitude, interpolated amplitude, and

cepstrum), this method provided 70 % classification accuracy.

Herrera-Boyer et al. (2003) presented a detailed review about the automatic
classification of (isolated) musical instruments with relevant audio features. They
divided instrument identification into two main approaches as perceptual and
taxonomic (like a bright snare, nasal violin, etc.). The related research reviews and
features were provided in that paper for both perceptual and taxonomic classification
ideas. Further investigation is required; yet the combination of perceptual and

taxonomic approaches was stated in the conclusion.

Eronen (2003) proposed an instrument classification system of isolated notes or drum
samples. The system uses Mel-frequency cepstral coefficients (MFCC) and first
derivatives (AMFCC) features, then HMM (Hidden Markov Model) was used for
feature distribution. The dataset consists of (isolated notes) 27 western orchestral

instruments and drums. The feature vector was chained with ICA (independent
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component analysis) and then trained with HMMs. It was observed that these

processes improved the accuracy.

Costantini et al. (2003) highlighted the importance of single musical sources for source
separation and music transcription systems. While experimenting, the preferred
instruments were violin, clarinet, flute, oboe, saxophone, and piano. The FFT, QFT
(Q-constant Frequency Transform), and cepstrum coefficients were used as audio
features. The classification method was Min-Max Neurofuzzy Networks (generalized
and classical) and performed adaptive resolution training algorithms (ARC, PARC,
and GRAPC) to provide a completely automatic training for the classifier. According
to the researchers, a combination of the FFT-based features, GPARC, and GMM

model (mainly for uncritical training time) performed best.

Fanelli et al. (2004) used cochleagram as a feature selection technique with the
deployment of LSTM (long short-term memory), which was introduced as a new
recurrent neural network classifier. The dataset had 500 audio samples (70% for
training and 30% for testing) and three instrument families (12 orchestral instruments
from MIT media Laboratory Machine Listening Group). The proposed system showed

80% accuracy with the available dataset.

Kaminskyj and Czaszejko (2005) developed a mono-source instrument recognition
system by combining investigated audio features up until then. The obtained audio
features were cepstral coefficients, constant Q transform frequency spectrum,
multidimensional scaling analysis trajectories, RMS amplitude envelope, spectral
centroid, and vibrato. This paper explains that an instrument classification system can
achieve 90% or more accurate results when providing sufficient features yet

accentuates that attaining a better model generalization is difficult.

Kitahara et al. (2005) remarked on the objectives of accurately recognizing instruments
among polyphonic recordings as feature variations, timbral pitch dependency, and
musical context. In this paper, the first issue focused on a solution described as a
feature vector template. The second issue was pitch dependent model, which
represents the pitch dependency of the features as a timbral function of fundamental
frequency (F0). The third issue was to solve the temporal continuity of the melodies
by calculating the probabilities of each note regarding the probability of neighbor

notes. The proposed method attained 85.8 % accuracy for trio music and 91.1%
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accuracy for duo music. Afterwards, Kitahara et al. (2006) proposed a new polyphonic
instrument recognition model called “Instrogram” without onset detection and FO

estimation. This time, the accuracy for trio music was 97.1% as maximum.

Essid et al. (2006) introduced a pairwise classification approach for solo instrument
recognition. The dataset comprised audio excerpts for ten instruments from CDs and
educational materials. In this study, besides the well-known audio features (temporal,
cepstral, spectral, amplitude modulation), two new ones (octave band signal intensities
and ratios) were examined by a Genetic algorithm (GA). An inertia ratio used feature
space projection (IRMFSP) was preferred as feature selection algorithms to attain the
most efficient discriminative feature subsets for among the instrument classes. Then,
two types of classification methods (GMM and SVM) were conducted among these
feature subsets by one versus one comparison. With larger observations and RBF
kernel, SVM provided the best accuracy rate (93%). This study was one of the very

extended studies at that time.

Wicaksana et al. (2006) also introduced a pairwise strategy for instrument recognition
for the piano, violin, cello, piccolo, flute, and xylophone groups, with the classifier as
a neural network. Primary audio features comprised temporal, spectral, and cepstral
features and secondary features were attained from them. The composite network

system shows 93.75% accuracy over the single network system (87.5%).

Leveau et al. (2007) presented a novel approach for polyphonic instrument recognition
in ensemble music (solo, duo, trio and quartet). The audio sources comprise artificially
mixed six ensemble instruments (bassoon, cello, clarinet, flute, oboe, viola and violin).
This experiment was performed with a ten-second mid-term segmentation algorithm
that approximates decomposed signal harmonic atoms of audio recordings so that the
saliences of the instrument can be derived from the signal representations. According
to the results, the method fails when the number of individual instruments increases in

the ensembles

Even though the studies for instrument recognition mainly focus on western orchestral
audio recordings, they also have been implemented for some traditional instruments.
Yu et al. (2008) studied the song-level and segment-level identification approaches
while estimating dominant instruments in polyphonic recordings of Chinese musical

instruments (14 from 4 different families). GMM provided accuracies were 85% and

15



89% for those approaches, respectively. Also, it states that MFCC was not sufficient

for musical instrument recognition.

Gunasekaran and Revathy (2008) proposed a fractal dimensions segmentation method
to classify instruments. 85 audio features (temporal, spectral, and perceptual) were
extracted from the ten different Indian instruments. Then, they were classified with k-
nearest neighbor (KNN) and multilayer perceptron (MLP) algorithms; and it was
observed that the fractional segmentation improved the accuracy by about 6% over

local energy-based segmentation.

Burred et al. (2009) stated that the envelope of multiple sounds in an audio file is
problematic during the audio feature extraction because it requires multi-pitch
estimation for polyphonic instrument recognition tasks. The proposed system focuses
on the amplitude evolution of the partials and compares them with pre-defined time-
frequency templates to solve this problem. The best performances were 79.77% for

two-voice, 77.79% for three-voice and 61.40% for four-voice polyphony.

During the years, studies mainly focused on the capabilities of audio features and
classification algorithms, and some side works seemed to be needed to improve
instrument recognition methods. These works range from refining audio datasets to
eliminating drawbacks of some audio features. For example, Livshin and Rodet (2009)
proposed an outlier detection algorithm for eliminating poorly recorded or incorrectly
labelled samples in a database like MISDIN®. Later on, Gururani et al. (2019)
highlighted that musical instrument recognition systems strongly depend on datasets
and investigated an attention mechanism for a poorly labelled sound in a dataset like
OpenMIC. The mechanism improved the overall performance of the classifier without
extending the model. Morvidone et al. (2010) state that MFCC feature is useful but
affects time scales during extraction for musical signals. OverCs (combine a compact
description of MFCC) and SparCs (sparse representation of MFCC) features were

proposed to overcome the immanent constraint of MFCC.

Wieczorkowska et al. (2011) studied the identification of the dominant instrument in
audio mixes. The audio mixes were formed by adding basic signals and noises to the

isolated sounds of 14 instruments from the MUMS database. An extensive feature

4 Musical Instrument Sample Database of Isolated Notes
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vector was available (219 features). It was observed that adding the extra noises and
signals into the sounds in the training part of the dataset increased the classification

performance compared to the isolated sound-only training dataset experiment result.

Bhalke et al. (2011) proposed a DTW (Dynamic Time Warping) method for musical
instrument recognition tasks. DTW is an algorithm that finds similarities between time
series by calculating a minimum distance. MFCC and its variants were audio features
for this experiment. Instruments (Piano, Guitar, Violin, Synthesizer, Harmonica, and
Accordion) regarded with 840 isolated notes were taken and divided as half for training

and half for testing. It was observed that DTW improves recognition accuracy.

Azarloo and Farokhi (2012) compared MLP algorithm performance with the k-NN
classifier using a dataset that has 296 audio features for seven different instruments.

As a result, MLP performed better at 93.36% accuracy.

Eric et al. (2012) proposed a hierarchical classification method with a dynamic feature
vector for instrument recognition. This was a method for feature vector optimization
with a sequential backward selection (SBS) algorithm. 6698 different audios from
RWC Music Database that consists of isolated notes with different dynamics for 29
single instruments were used to create a dataset with 38 audio features. Cross-
validation was 90% for training and 10% for testing. The hierarchical classification
rate for individual instruments was 88.32% and 94.74% for instrument families with
the SBS algorithm by using k-NN. The hierarchical classification score performed

better (2%) compared to the reference system.

Zlatintsi and Maragos (2013) introduced a non-linear method based on Mandelbrot’s
fractal theory to analyze signal irregularities in multiple time scales. The fractal theory
was used to estimate the power spectrum in music and speech applications. This
method uses MDF (multiscale fractal dimension) profile as a short time descriptor for
seven instruments (1331 single notes) and its capability was compared with MFCC by
GMMs and HMMs classifiers. As a result, this method provided up to 32% error

reduction in the instrument classification experiments.

Giannoulis and Klapuri (2013) provided an extensive literature review for polyphonic
sourced instrument recognition and proposed a missing-feature algorithm method that
does not require sound separation or multi-pitch algorithms. The audio files, consisting

of 10 different instruments, were taken from two different sound libraries (RWC,
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MUMS). The log-energy differences feature was also introduced. Compared with the
reference method that used MFCC and classification made with Bayesian (GMMs),
the proposed method with different masks (oracle, heuristic, and max probs based on

spectrogram factorization) performed well.

Diment et al. (2013) compared supervised and semi-supervised learning (SSL)
techniques for instrument recognition. The audio recordings were taken from the RWC
database as 4912 recordings in 9 different instruments. Only the MFCC features were
used, and the EM-based SSL technique performed better by 16%.

The study of Zhang et al. (2013) presented a physiological model for the human
auditory system. This system is also known as the bionic auditory system for
instrument recognition mimicking the inner ear’s cochlea structure and auditory
cortex. Seven musical instruments (243 sound) were classified by self-organizing

mapping neural network (SOMNN), and a success rate of at least 75% was achieved.

Kursa and Wieczorkowska (2014) introduced multi-label ferns and their application
for instrument classification. The dataset was created with jazz recordings MUMS,
IOWA, and RWC by extracting mainly MPEG-7 low-level features for this study. The
multi-label ferns provided faster, and more accurate performance compared to the
binary random ferns. This algorithm was recommended for mobile devices for

instrument recognition and similar applications.

Bhalke et al. (2014) introduced a classification method for string instruments
consisting of monophonic, isolated sound sources. The method uses fractional Fourier
transform (FRFT) based on MFCC features. The system performance was compared
with the conventional features (MFCC, Timbrel, Wavelet, and Spectral features). The
classification method was Linear Discriminant Analysis (LDA) which performed with

94% accuracy.

Kothe et al. (2016) compared classification performances of k-NN and SVM
algorithms with different settings for individual instrument recognition. Temporal,
spectral, cepstral and wavelet features (31 features) were extracted for ten musical
instruments. As a result, using the weight factor method, the SVM (with the

exponential kernel) shows 90.3% accuracy over KNN, which has 73% accuracy.

Lostanlen and Cella (2016) used Deep Convolutional Networks (DCNs). This was for

instrument recognition in three strategies: temporal, time-frequency kernels and a
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linear combination of the time-frequency kernels in one octave (similar to Shepard
pitch spiral). Training data (from MedleyDB) and evaluation data (custom music
collection) were different for this experiment. Combining them into a single deep

learning architecture shows the best accuracy result.

Toghiani-Rizi and Windmark (2017) compared the time and frequency features of
different characteristics of 8 different musical instruments with the ANN system.
These characteristics were attained by extracting the features from some parts such as
the whole sound, attack part, the whole sound with the attack part excluded,
initialization frequency spectrum from 100 Hz, and the following 900 Hz of the
spectrum. The feature vector that included whole samples constrained with 1-1000 Hz

range of the spectrum provided 93.5% accuracy.

Maliki and Sofiyanudin (2018) proposed an ANN system called Learning Vector
Quantization (LVQ) for musical instrument recognition. The instruments were
grouped as Aerophone, Electrophone, Chordophone, Idiophone, and Membranophone.
The feature vector has only MFCC features, and the LVQ classification showed 94.8%

accuracy with the dataset.

Rajesh and Nalini (2020) asserted a new approach for emotion recognition using
musical instrument classes by recurrent deep learning (RNN) method. Four
instruments (string, percussion, woodwind, and brass) are grouped to prompt the
emotions (happy, sad, neutral, and scared). The features for the dataset were MFCC,
CENS (chroma energy normalized statistics), chroma STFT (short-time Fourier
transform), some spectral features, and ZCR. MFCC feature with RNN provided the
best classification rate of 89.3%, compared to the other machine learning and feature

combinations.

Roy et al. (2020) represented another application of ANN in musical instrument
recognition. This method is based on frequency domain analysis to extract distinct
features in the transition part of the audio signals. Its name is TMIR (transient length
instrument recognition), and a restricted range of frequency domain is analyzed rather
than the whole spectrum. The algorithm analyzes the spectral content for the maximum
energy part of the onset. The dataset was examined with an ANN-based model for five
different instruments, and 98.22% accuracy was attained regarding the true fixed

transient length of the audio files.
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Mahanta et al. (2021) examined twenty orchestral instruments from the London
Philharmonic Library. The audio samples were single notes with different dynamics
and playing techniques. The feature vector consisted of MFCC and provided 97%

accuracy for instrument recognition by ANN.

Garcia et al. (2021) explained an instrument recognition approach deploying
hierarchical relationships by conducting a few-shot learning setup for improving a
successful classification model for unseen instruments. The audio files were taken
from the MedleyDB library and grouped as 24 families; then, Mel spectrogram
features of solo music and vocal recordings were extracted. This method showed better

performance over the non-hierarchical method.

Ezers and Doroshin (2021) introduced a CNN based real-time musical instrument
recognition android application. The system uses the Mel-spectrogram of a wide range
of instruments from the IRMAS dataset. For improvements on the accuracy result of

the software, some strategies were presented.

Li (2021) highlighted the advantages of musical instrument recognition solutions in
music education by presenting a method for piano education with the assistance of

deep learning technologies.

3.2 Sound, Signal and Fundamental Concepts of Digital Audio

The occurrence of the sound depends on the type of source, medium (transmission or
storage), and its interpretation by a receiver. After the stimulation of a sound source,
vibrations take place and are transmitted as sound waves in a physical environment. If
the sound is transmitted electrically, then it is called a signal. The signal can be analog

(continuous) or digital (discrete).

Digital systems have many advantages over analog systems regarding easy
transmission and storage. On the other hand, digital systems provide further processing
and manipulation capabilities on sound; in fact, digital signal processing (DSP) is a

core discipline of that field.

3.2.1 Sound

In terms of physics, sound occurs when a source is vibrating, and this vibration is

transmitted through a medium by compression and decompression of air molecules to
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a receiver. The simple harmonic motion describes the formation of a simple sound
wave. Sound waves have a period that describes the frequency which is the repetition
of the motion in a second. The motion of a pendulum is an example of simple harmonic
motion. After a mass (m) is pulled back to the distance (a) from the equilibrium point
(a=0) and released, it sways until its energy has damped, and this is called a simple
harmonic motion (Figure 3.1, A). The amplitude of the motion also equals the
maximum distance from the balance point. This movement can be explained as a point
that completes one cycle through a unit circle over time (Figure 3.1, B). The cycle
duration is represented by the period (7), and the number of cycles in a second are
represented by the frequency (f). Hence, the relationship between frequency and the

period is in equation 3.1.

T == 3.1)

For a sound wave, another essential property is its phase. Phase indicates the starting
point of an oscillation for a reference point in time. In Figure 3.1 (B), the sound

oscillation starts at phase 0 and completes its period at the time ¢.

The simple harmonic motion clearly describes a basic sound, but sounds have more
complex structures in nature. Combining more than one basic sound with different

phases, amplitude, and frequencies creates a complex sound.

Amplitude

(A) (B)

Figure 3.1: Basic harmonic motion: a pendulum (A) and its function (B) in
duration t.
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3.2.2 Signal

Besides the physical environment, sound waves are also represented as signals in
analog and digital domains. “A signal is defined as any physical quantity that varies
with time, space, or any other independent variable or variables. Mathematically, we
describe a signal as a function of one or more independent variables” (Proakis &
Manolakis, 1996, p. 2). However, an audio signal cannot be formulated as a regular
mathematical function because it is a periodic signal which continuously repeats itself

at a particular time duration.

Amplitude (4), frequency (f), and phase (6) are variables for an audio function y(z). A

sinusoid is a fundamental type of audio signal, and its is given in equation 3.2.

y(t) = Asin(2nft + 6t) (3.2)

In this formula, f'is the fundamental frequency (fp). The complex sound is formulated
by the summation of simple sounds. In equation 3.3, N stands for the number of simple

sinus waves and 7 indicates the current one.

N
Z A;(®)sin 2rfi (Dt + 0;(t)) (3.3)
i=1

This formulation explains the harmonic content of a sinus-based complex sound. If the
fo is fundamental frequency, its multiplication with integers (1, 2, 3..., n) gives the

harmonics (f,) of the complex sound.

There are two types of signal system definition in terms of time. “Continuous-time
signals are defined along a continuum of time and are therefore represented by a
continuous independent variable. Continuous-time signals are often referred to as
analogue signals. Discrete-time signals are defined at discrete times, and thus, the
independent variable has discrete values; that is, discrete-time signals are represented

as sequences of numbers.” (Oppenheim & Schafer, 2009, p. 9)

3.2.3 Basics of digital audio

Digital signal processing is essential for modern communication technologies. There
are many advantages of digital systems over analog systems. The advantages of digital

systems are, the compatibility of different conditions, accurate control, easy storage
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and transmission, implementation of sophisticated signal processing techniques, and

low cost (Proakis & Manolakis, 1996, p. 6).

The sampling theory and quantization are two fundamental concepts from analog to
digital conversion and vice versa. Sampling is a discretization process in which a
certain number of amplitude points are taken from an analog signal in time. Figure 3.2
shows the density of sampling points of 440 Hz signals sampled with 44100 Hz, 22050
Hz, 11025 Hz, and 52512 Hz, respectively; hence, it can be observed that the quality
of the audio signal reduces when sampling frequency (rate) decreases. The sampling
theorem states that sampling frequency must be higher than twice the signal’s highest
frequency to prevent information loss when reconstructing the signal. “If the signal
contains frequency components higher than half the sample rate, these components

will be mirrored back, and aliasing occurs.” (Lerch, 2012b, p. 10).

(A) (B)

(©) (D)

Figure 3.2: One period of 440 Hz sinus signals with different sampling frequencies.
The sampling rates of the figures are 44100 Hz (A), 22050 Hz (B), 11025 Hz (C),
and 5512 Hz (D). Decreasing the sampling frequency reduces the number of
sample points which affect the quality of the signal.
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Each sampling point has an amplitude value, and during the sampling process are
rounded to the nearest amplitude values, which is determined by the bit depth of the
signal. Bit depth is also called word length and is typically preferred as 16 or 24 bits,
and they are represented by integer or floating points data types. The 16-bit word
length provides -32768, +32767 predefined amplitude values on positive and negative
axes (Figure 3.3). However, during amplitude values of the input signal do not coincide
with that amplitude points, they are rounded to the nearest predefined steps. The
difference between the actual amplitude value of the original signal and its quantized

value gives the quantization error.

-32768

Figure 3.3: In this figure each point represents the available quantization steps in
16-bit depth. When analog to digital conversion, amplitude values between those
predefined points rounded to the nearest quantization points.

3.2.4 Digital signal processing

The digital signal processing systems aim to solve transmission, storage, and

manipulation (like compression) problems of discrete signals.

For continuous (analog) signals, the Fourier transform is a mathematical formula that
converts a time-domain signal into the frequency domain by representing the signal’s
component as real and imaginary parts. “The basic mathematical representation of
periodic signals is the Fourier series, which is a linear weighted sum of harmonically
related sinusoids or complex exponentials” (Proakis & Manolakis, 1996). The Fourier
transform allows acquiring the spectral components of a complex signal and

processing them individually.
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The DFT (Discrete Fourier Transform) is essential for digital signal processing tasks.
“The DFT is itself a sequence rather than a function of a continuous variable, and it
corresponds to samples, equally spaced in frequency, of the DTFT of the signal.”

(Oppenheim & Schafer, 2009, p. 623).

In practice, DFT is applied by dividing the signal into short-time segments. This
method is called STFT (Short-term Fourier Transform) and it “can be seen as
multiplying an infinite time signal with a window function that equals zero outside the
time boundaries of interest.” (Lerch, 2012a, p. 192). The typical segment length of
STFT is between 10-20 milliseconds, each convoluted by a window function. A
window function decreases the amplitude value of each segment edge (side lobes) to
zero; yet, the amplitude value stays at maximum at the center (main lobe). Rectangular,
Bartlett, Hamming, Blackman-Harris are some examples of the types of window

functions.

3.3 Audio Content Analysis

The audio content analysis (ACA) methods are used to obtain musical or non-musical
information from audio signals. “The information to be extracted is usually referred to
as metadata: it is data about (audio) data and can essentially cover any information
allowing a meaningful description or explanation of the raw audio data. The metadata
represents (among other things) the musical content of the recording” (Lerch, 2012a).
The information can be perceptual, musical, or technical and interpreted according to
the purpose of the research or application domain. Therefore, the ACA is a multi-
disciplinary research field that integrates digital signal processing methods with
musicology, music theory, music psychology, psychoacoustics, audio engineering, and
similar knowledge with pattern recognition and machine learning methods. This field
urges the creation of tools for organization, visualization, intelligent audio processing,

and identification of audio data.

A general workflow of an ACA is shown in Figure 3.4. The “interpretation” step
describes any multivariate statistical technique such as (shallow) machine learning,
deep learning, or even artificial intelligence in this scheme. Depending on the task, the

result can be a class name or a number.
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Feature Interpretation

Preprocessing : : .
P ™ Extraction (Classification

Audio Signal

Figure 3.4: A general workflow of an ACA system.
3.3.1 Audio pre-processing

Before starting the extraction process, audio pre-processing is a common practice. It
consists of several operations such as sampling rate conversion, DC removal, stereo to
mono conversion, silence removal, normalization, filtering, and even segmentation.
“The motivation for this pre-processing step is to reduce the amount of audio data to
be analyzed by omitting unnecessary information or minimize the impact of unwanted

information on the extracted features” (Lerch, 2012, p. 33).

3.3.2 Audio feature extraction

The feature extraction is a process that reduces the data size of the audio file
substantially; therefore, a more relevant and meaningful representation of the audio
data emerges. This process occurs at a predetermined length of the frame. As a result
of the extraction, low-level features (also called instantaneous or short-term features)
are calculated at each window frame. The outcome of the low-level processing is not
directly interpreted by humans, but further statistical interpretation of those features
leads to determination of high-level features, which means a more meaningful

representation for humans.

3.3.3 Low-level (short term) processing

The low-level feature extraction is a block-based process. According to this process,
the audio file is divided into pieces (blocks), and feature extraction is carried on each
of them. Typically, the duration of block size is between 128-1024 samples or
equivalent time duration, which is determined by the division of block size with the
sample rate for a given audio file. Each audio block is processed with a window

function.

The feature calculation takes place in two domains, time domain and frequency
domain. The time-domain features materialize after the summation of successive

frame-based sequences, so they are determined directly from the audio file. On the
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other hand, the FFT (Fast Fourier Transform) is necessary to acquire frequency domain
features. The audio features can be calculated by linear or non-linear magnitude and
spectrum scales (such as Bark, Mel). Mostly, non-linear scales perform better because

the non-linearity of the human auditory system.

Giannakopoulos (Giannakopoulos, 2015) described the widely used audio features as
zero crossing rate, energy, entropy of energy, spectral centroid, spectral spread,
spectral entropy, spectral flux, spectral roll-off, MFCC, chroma vector, and harmonic

ratio. Table 3.1 shows descriptions of those features.

Table 3.1: Widely used time and frequency domain audio features.

Audio Feature Descriptions
Zero Crossing Rate The rate.of sign-changes of the signal during the duration
= of a particular frame.
]
g The sum of squares of the signal values, normalized by the
(=) Energy .
° respective frame length.
£
= Entrony of Ener The entropy of sub-frames’ normalized energies. It can be
py gy interpreted as energy measure of abrupt changes.
Spectral Centroid The center of gravity of the spectrum.
Spectral Spread The second central moment of the spectrum.
Spectral Entropy Entropy of the normalized spectral energies for a set of
sub-frames.
= Spectral Flux The squared difference between the normalized
'g p magnitudes of the spectra of the two successive frames.
=
A The frequency below which 90% of the magnitude
> -
2 Spectral Roll-Off distribution of the spectrum is concentrated.
-5}
-
g Mel Frequency Cepstral Coefficients form a cepstral
<= MFCC representation where the frequency bands are not linear
but distributed according to the Mel-scale.
A 12-element representation of the spectral energy where
Chroma Vector the bins represent the 12 equal-tempered pitch classes of
western-type music (semitone spacing).
Chroma Deviation =~ The standard deviation of the 12 chroma coefficients.
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3.3.4 Mid-level processing

Mid-term windowing (also called texture windowing) is a common practice to “exhibit
homogeneous behavior with respect to audio type and it, therefore, makes sense to
proceed with the extraction of statistics on a segment basis” (Giannakopoulos &
Pikrakis, 2014, p. 62). Kitahara (2010) explained the necessity of mid-term
representation to attain melodic, harmonic, timbral, and rhythmic aspects of an audio
source. In the mid-term processing “the audio signal is first divided into mid-term
windows (segments), which can be either overlapping or non-overlapping. For each
segment, the short-term processing stage is carried out and the feature sequence from
each mid-term segment is used for computing feature statistics (e.g., the average value
of the ZCR)” (Giannakopoulos, 2015). Generally, the duration of the mid-term

segment is between 1-10 seconds, but it depends on the task.

3.4 Audio Dataset

The content of a dataset varies from application to application; yet audio datasets
generally consist of numerical data at each sequence. Therefore, each sequence of data
holds a row, and each column identifies a specific feature. In addition, a dataset must
have an extra column to indicate the target labels or values for supervised machine

learning tasks. Table 3.2 presents a typical M x N dataset.

Table 3.2: MxN dimensional dataset.

Index Observations Targets
0 Feature 1 Feature 2 Feature 3 Feature N Class/Value
1 Valuel 1  Valuel 2 Valuel 3 ... Value 1 N Class/Value
2 Value2 1 Value2 2 Value2 3 ... Value 2 N Class/Value
3 Value3 1 Value3 2 Value3 3 ... Value 3 N Class/Value
M ValueM 1 ValueM 2 ValueM 3 ... ValueM_N Class/Value

3.5 Machine Learning and Classification

Machine learning is a computer algorithm that predicts input data by a mathematical

model with provided training data. According to Saleh (2020), “Machine learning
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(ML) is a subset of Artificial Intelligence (AI) that consists of a wide variety of
algorithms capable of learning from the data that is being fed to them, without being
specifically programmed for a task.” (p. 3). These algorithms are beneficial when
input data has a complex structure that cannot provide a meaningful result by
conventional mathematical formulas. The machine learning systems rely on statistics
and pattern recognition methods while classifying, discriminating, or predicting input
data. These systems are applied in many different research fields such as engineering,
medical, biology and the like. The size of the data may reach enormous quantity
according to the application domain. In that kind of situation, the data need to be

simplified for further usage. This simplification is called Data Mining.

3.5.1 Probability in machine learning

There are three mathematical aspects to data modelling: Function Approximation,
Optimization, Probability and Statistics. Function Approximation stands for the
mathematical relationship between variables without knowing the function entirely.
Optimization aims to find the best mathematical model for a given datum by
calibrating or fine-tuning the model. Probability and Statistics are necessary when
approaching inherently uncertain data to make accurate predictions (Kroese et al.,

2019).

“Probability theory provides a consistent framework for the quantification and
manipulation of uncertainty and forms one of the central foundations for pattern
recognition.” (Bishop, 2006, p. 12). The theory of probability is interpreted in two
main categories as frequentist and uncertainty. Frequentist can be exemplified by
observing whether a flipping coin is head or tail at a long-term rate. In contrast, the
Bayesian interpretation is proper when the probabilistic model is based on uncertainty,
and the event does not occur for long term frequencies. The melting of the polar ice

cap by 2050 CE is an example of Bayesian probability (Murphy, 2012).

Bishop (2006) explains the probability theory by providing a simple frequentist
example. In this example, two different types of fruits (apples and oranges) are in two
boxes (red and blue). The red box has two apples and six oranges, but the blue box has
one orange and three apples. The percentage of picking the red box is 40% while it is
60% for the blue box (those boxes may be considered as classes in machine learning).

The fruits are randomly picked from one of those boxes. The boxes are denoted by X
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and the possible values are r or b (red or blue). Y denotes the fruit names and takes
two values a or o (apple or orange). We write these probabilities as p(X = r) = 4/10
and p(Y = b) = 6/10 so that they normalize between 0 and 1. As a consequence, the
probability of the X (baskets) and Y (fruits) are given in Table 3.3.

Table 3.3: Example for the probability of the X (baskets) and Y (fruits).

Number of apples Number of oranges probability
alr)=1/4
Red Basket (1) 2 6 pafn)
p(o|r)=3/4
a|b)=3/4
Blue Basket (b) 3 1 p(alb)
p(o|b)=1/4
Overall 11/20 9/20 Equals 1 in
babilit
propITIY paln) paytpal  p(o]n) paytp(o| b)p(b) total

The system which consists of two parameters (boxes and fruits) creates the joint
probability, p(X, Y), and conditional probability, p(Y|X). The rules of probability
theory are given as sum rule and product rule (below) for X (box) and Y (fruit)
components. p(X) stands for probability of X (so the box) and is also called marginal

probability because the other variable (Y) is excited (Table 3.4).

Table 3.4: Sum rule, product rule, and Bayesian probability theory.

Sum rule (marginal probability) p(X) = Z p(X,Y)
Y
Product rule (joint probability) pX,Y) =p{Y|X)pX)
pXIY)p(Y)
Y1X) =—F7F—
P e
Bayesian probability

pCO = ) pXINP()
Y
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The Bayes theorem is an essential part of pattern recognition and machine learning.
The theorem has two types of probability: prior and posterior. If the probability result
of X, p(X), is calculated before the knowledge of the probability of Y, this type of
probability is named prior probability. However, if the probability result of X, p(X|Y),
is calculated according to the specific value of Y, then this type of probability is called
posterior probability.

The probability is also used to represent uncertainty parameters, (w), which is revised
by new evidence for an event, D. Therefore, the event (D) and uncertainty (w) creating
posterior probability is given in equation 3.4.

D
p(w|D) = % (3.4)

3.5.2 Unsupervised machine learning

Unsupervised learning methods use density estimation which aims to find out the
regulations in the input data; thus, the input value is grouped according to their
similarities. This type of learning is called clustering. Clustering is useful and it
performs better when reducing the bit-depth of an image by finding regularities of what
is shown by that image rather than pixel level compression. Also, clustering is used in
distinguishing a document style, words of a document, or DNA sequences in
bioinformatics (Alpaydin, 2014). Saleh (2020) sorted clustering into four models as
connectivity-based, density-based, distribution-based, and centroid-based. Also,
search engines, recommendation programs, image recognition, market segmentation

(customer experience) are some of the applications of this type of machine learning.

3.5.3 Supervised machine learning

Supervised learning “consists of understanding the relationship between a given set of
features and a target value, also known as a label or class.” (Saleh, 2020). As a result,

classification and regression are two types of supervised machine learning tasks.
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3.5.4 Classification and regression

A machine learning model has a prediction function (g) that accepts a vector (X) in its
input and produces a result (y) (Figure 3.5). If the result of the function is a real value,
this type of learning problem is called regression. On the contrary, if the result of the
function produces a value among a categorical set of values, then this type of learning

problem is defined as classification.

X —» g(x) — Yp

Figure 3.5: A machine learning model has a prediction function (g) that
accepts a vector (x) in its input and produces a result (y).

3.5.5 Model validation procedure for supervised learning

The model evaluation starts by splitting the dataset into two (training and testing) or
three groups (training, validating, and testing). Those sets are used during the

development of a consistent machine learning model.

In the two-set scenario, the dataset evaluation occurs by splitting the dataset, and the
lack of real-life data examples affects the hyperparameter tuning; so, the model tends
to be biased. Therefore, the K-fold cross-validation technique prevents a biased result
during the machine learning model evaluation. The dataset is split into a K number of
pieces by this technique and data in each piece are randomly selected during the K

time iteration. As a consequence, hyperparameters of the model are tuned in that way.

For the three-set scenario, the training set has been examined by many different
machine learning models. The validation set allows hyperparameters tuning for each
machine learning model. A loss function allows calculating the hyperparameters.
“After running different configurations of hyperparameters based on the performance
of the model on the validation set, a winning model is selected for each algorithm.”
(Saleh, 2020, p. 92). After training and validation, the model is examined by the testing

set to find how the selected model is performed in real-life conditions.

The confusion matrix (Table 3.5) is a valuable tool to obtain accuracy, precision,
recall, and F-score metrics in machine learning. The confusion matrix is a table that

shows the ground truth (actual values) and prediction relationship of a model. While
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rows (ground truth) represent the predicted values, columns show the actual values.
Four types of indicators are deduced from a confusion matrix: True positives (TP),
false positives (FP), true negatives (TN), and false negatives (FN). TP gives correct
and TN gives the number of false observations which are expected. However, FP
(predicted as positive but false) and FN (predicted as negative but false) are two error

indicators.

Table 3.5: A confusion matrix.

Actual Values

Positive (1) Negative (0)

Positive (1) TP FP

Negative (0) FN TN

Predicted Values

Model accuracy is measured by the summation of the TP and TN by dividing the
number of instances (N) and indicates with which rate the model can classify the data

correctly (equation 3.5).

TP +TN

Accuracy = N

(3.5)

The precision metric is measured by dividing TP by the summation of TP and FP.
Although the precision originates from estimating the accuracy of binary problems, it

is also applicable to multiclass problems (equation 3.6).

precision — 17
recision = o0 (3.6)

Recall metric is similar to precision, but it is calculated by dividing TP by the

summation of TP and FN (equation 3.7).

TP

Recall = TP+—F]V (37)
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Moreover, the F-score may provide a better understanding of a model. The F-score is
the harmonic mean by the combination of precision and recall (equation 3.8).
2 * Recall * Precision

F = score = Recall + Precision (3-8)

3.5.6 Error analysis

Error analysis is necessary to create a generalized model. Calculation of Bayes error
(human error), high bias, high variance and data mismatch are error checking concepts
for formalizing solid learning models. High bias (also known as underfitting) describes
the situation when the model cannot learn from the provided training set. High variance
(also known as overfitting) occurs when the model is so deeply rooted in the details
and outliners of the training set that it performs poorly with test set or unseen data.
Finally, data mismatch occurs if training data distribution does not fit with the test data

or validation data distributions (Saleh, 2020).

3.5.7 Support vector machine algorithm

The machine learning models are divided into two main categories as shallow and deep
methods and the theory behind each of them is diverse. In this dissertation, after
comparing the performance results with the same dataset, support vector machine
algorithm was considered as instrument classification model. “The Support Vector
Machine (SVM) algorithm is a classifier that finds the hyperplane that effectively
separates the observations into their class labels.” (Saleh, 2020, p 143). For a binary
classification problem, a hyperplane symbolizes the boundary between two classes.
Indeed, the SVM algorithm can separate the new data according to the previously
estimated hyperplane. The SVM is based on a binary (two-class) classifier. However,
it can be generalized by one-versus-one or one-versus-the-rest methods to solve

multiclass problems.

Figure 3.6 demonstrates a hyperplane and two support vectors that take place on the

positive and negative sides of the hyperplane at equal distances.
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Feature 2

Feature 1

Figure 3.6: Demonstraits a (linear) SVM algorithm for binary classification.
Triangles and circle are two different classes.

In order to estimate the right hyperplane, the SVM algorithm carries on two rules. Rule
1 designates finding the best hyperplane position where data are effectively separated.
On the other hand, rule 2 (margin) specifies the maximum distance against the nearest
data points from both sides (classes). A more significant margin distance (or minor
margin error) increases the efficiency of the model. During the estimation of the
hyperplane, the SVM algorithm aims to find the ultimate segregation between classes,
and this is provided by finding minimum classification and margin errors. The
classification error is calculated by the distance measurement of each data point from

the boundary (hyperplane).

The SVM algorithm is a kernel-based classification method, which means the
hyperplanes are customizable by different functions. The Scikit library allows using

linear, polynomial, radial basis function (RBF), sigmoid, and custom kernels.
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4. DEVELOPMENT OF THE MIX PREPARATION ASSISTANT

This section depicts the methodological structure of the study by the conceptualization
and implementation of the mix preparation software. Before starting the software
development, some preliminary decisions had to be made to determine the
development platform and the DAW where the software would work. We determined
the key features and presented a detailed GUI layout of the software by making some
decisions over the software's capability, keeping in mind the fundamentals of the mix
preparation approach. The design of the GUI and the functionalities of each part are

explained in detail.

4.1 Daw Preference and Software Development Platform

Two decisions must be made before beginning the development of the mix-preparation
assistant software. First, the software needs a host (DAW) to work coordinatively for
practical reasons. However, commercial DAWs are proprietary software, and only a
few allow controlling their functionalities by scripting languages. At that point, Reaper
becomes a unique candidate for this dissertation research among the other workstations
because its open-source structure provides comprehensive control over its
functionalities in terms of software development. The control over the Reaper API is

achieved by the ReaScript wrapper and supports EEL2, Lua, and Python scripts®.

Python is a prominent and well-known programming language today. With its high-
level, user-friendly syntax, portable and object-oriented language, it meets almost all
industry requirements, such as gaming, cloud systems, and education. Python is also
one of the essential tools for making machine learning applications, too. Hence, the
proposed mix preparation solution in this study is revealed by the combination of

Reaper and Python.

3 For details, https://www.reaper.fm/sdk/reascript/reascript.php
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4.1.1 The research workflow

In this study, previously, MATLAB was considered a research environment to
investigate audio features and machine learning models for instrument recognition
tasks. After gaining experience in this research field, the next step was to decide the
implementation method of the audio feature algorithm and machine learning model
into the mix preparation software. However, the implementation of the MATLAB code
into a different programming environment is a cumbersome task. Also, C++ based
MIR, or ACA libraries® (such as Essentia) are not practical for compilation needs and
their dependencies for computer platforms. Because of those reasons, a Python-based
machine learning library was preferred as a software platform for this dissertation

research.

4.2 The Properties of the Mix Preparation Software

As mentioned in chapter 2.1, the definition of mix preparation has objective and
subjective sides. Here, the proposed system has been restricted to only track
organization which is rather the objective side of mix preparation. The obtained design
concept of the software regarding the track organization demands of mix-preparation

are given below.
1. The software should have an intuitional GUI plain and a simple layout.

2. The software should allow importing of audio files from the given multi-track

project.

3. The software should have customizable audio groups (for further usage such as
mute, solo, and other standard functionalities), audio folders, coloring, and

names.

4. The software should create a Reaper project according to the user's preferences.
Also, it should be able to clear the project so that users can start creating the

project without instantiating the software again.

5. The software should do the given steps automatically, but users can interfere

with the procedures before and after the project creation.

6 A list of MIR Libraries are given in https://ismir.net/resources/software-tools/
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6. The software allows users to create custom datasets and ML models for further

usage.

4.3 The GUI of the Software

Natively Python has a GUI library called Tkinter and the software’s interface was built
only using this library. The GUI of the program is grouped into three main sections by

Tkinter’s frame widget marked as A, B, and C shown in Figure 4.1.

A) Folder Importer: After importing audio files from a multitrack project appears

here.

B) Instrument Groups: This part lists ten individual subgroups and each has
default names and colors. The imported audio files shown in Folder Importer
section were assigned to the selected subgroup frames either manually or

automatically thanks to the ML-based subgrouping function.

C) Machine Learner Section: This section allows to build custom datasets with a
set of audio features besides some statistical properties which users can select
each of them on purpose. This section also provides the opportunity to create

an SVM-based supervised machine learning model with an audio dataset.

The first section is the Folder Importer (marked as A), which has two buttons and one
list widget. The Select Folder button opens a dialogue box that expects users to select
a multitrack project folder. The audio file importer only accepts audio files with .wav
extensions but ignores other audio and non-audio formats from the selected folder. The
included audio files from the Folder Importer list widget can be added one by one or
as multiple (by holding ctrl or shifting from the keyboard) to any of the preferred
instrument groups in the section named Instrument Groups (marked as B). Adding or
discarding audio files between the Folder Importer and Instrument Group can be
carried out by clicking the buttons (<, > symbols). The keyboard shortcuts make
multiple file selections possible, even removing the audio files from an instrument

group. The button Clear List resets the import list and all subgroup assignments.
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Folder Importer
Instrurent Groups

Group A
Group B

Group C

Group D
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> Group F

Group G

< | Group H
Group |
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Group J

&lectFoIder‘ ear List ‘

Evaluate Audio Groups

Machine Learner Section

Clear Reaper Session
Machine Learner

C

Choose Model

Figure 4.1: The GUI of the mix preparation assistant software (MixPrep).

Ten subgroups exist in the Instrument Groups section (marked as B), and their names
are Group A, Group B, Group C, ..., Group J as default. Besides the manual
modification, subgroup names change automatically according to target names
determined in the dataset if the user prefers setting the instrument family identification
algorithm. In the bottom-right side of each instrument group window, there is an entry
widget intentionally left as white on the group color modifier, and the current group
name can manually change by clicking on this entry widget. For the sake of simplicity,
the entry widgets' character limitation is 12 letters in length; yet white spaces are not
allowed. Color modification is also possible for each subgroup. By clicking the colored
part of the bottom of the current instrument group, a color picker dialogue box appears

(Figure 4.2).

As stated in the properties of the software, it is expected to provide an intelligent
solution for automatic subgrouping tasks. For this purpose, the GUI includes a
dedicated Machine Learner Section, where individuals design their datasets and
related instrument family recognition models. In that section, there are two buttons and
one label widget. Choose Model button opens a file dialogue window that expects the
user to select a machine learning model. After the user prefers a machine learning

model, its name and path appear in the label widget. The model must be created by
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MixPrep’s machine learning module (shown in Figure 4.3) based on pyAudioAnaysis,

the Python library.

Instrument Groups
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Figure 4.2: Color picker window and name modifications for the first subgroup.

After the user has imported a multitrack folder and organized the audio files into
different subgroups manually or automatically, the subgroup modifications (names,
colors, and contents) are ready to be transferred to Reaper. The software imports all
selected audio files into the currently opened Reaper session and creates subgroups
with provided or default names and channel group colors by clicking the Create Reaper
Session button. It should be noted that MixPrep will not transfer the empty subgroups
into the Reaper session. The button Clear Reaper Session cleans out the opened
Reaper session so that users can start subgrouping again without reinitializing the

MixPrep.

4.4 The Machine Learning Module

The machine learning module appears as a new window by clicking the Machine
Learner button (Figure 4.3). Users create custom machine learner models and datasets
with preferred audio feature sets and different statistics with this module. Due to the
complexity of building an audio features extraction and ML pipeline, an open-source
library called pyAudioAnalysis is preferred over the others because it allows the
implementation of a wide range of applications from speech recognition to musical
classification with many functionalities: feature extraction, classification, regression,
segmentation, and visualization as one library (Giannakopoulos, 2015). The library
already has the mean and standard deviation for mid-term statistical calculations for
each column natively. However, previous experiences with MATLAB have proven
that the presentation of median statistics for feature columns would be pretty helpful

while the ML algorithm is working on the classification of the target columns.

41



Therefore, the library's function where mid-term feature statistics calculation
happened is revised due to adding median statistics for the features columns in
datasets. Again, since the library seemed deficient in dataset conservation and further
manipulation, it is considered necessary to add the functionality of saving datasets as
an excel file. Lastly, an audio excerpt algorithm was added to efficiently deal with

longer audio files.

¢ Machine Learner - O X
Feature Extractor Classifier
Choose a Folder Extract Features Training
V svm_rbf ¥ Standard Scaler

[V Save Audio Dataset as Excel
Short Term Feature Properties

) ML Model Name Start Training
V¥ Zero Crossing Rate =
IV Energy
V' Energy Entropy
Testing

[V Spectral Centroid
[V Spectral Spread
[V Spectral Entropy

Choose Model | Audio Train Test

[V Spectral Flux
¥ Spectral Roll-off Test Results
¥ Harmonic Ratio

¥ MFCC

[V Chroma Features
Window Size(Sec) 0. 05
Step Size (Sec) 0./02

Mid-Term Statistics

V' mean

v std

¥ median

Window Size(Sec) |1
Step Size (Sec) 05

Figure 4.3: MixPrep’s machine learner module.

The GUI of the machine learner module was designed as two separate frames: one is
Feature Extractor, and the other is Classifier. Even though the pyAudioAnalysis

module allows the use of many scikit’s machine learning models, for this dissertation
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research, only the SVM (RBF) classifier is included in the model training pane because

the SVM model with RBF kernel performs better compared to the others.

4.4.1 The Feature Extractor

Default feature extraction preferences are given in Figure 4.3. The user is free to
change these properties but at least one short-term besides mid-term features should
be selected to instantiate the extraction process. The mid-term window and steps size
cannot be shorter than the short-term window and step sizes; if so, the warning

message appears.

The Choose Folder button, which is responsible for selecting a target folder, brings a
folder selection dialogue window in that frame. At that stage, the user must provide a
folder in which sub-folders have already been categorized as instrument group names
(class names in terms of machine learning terminology). For example, for three
instrument group scenarios, the sub-folders might be organized as Drums, Bass and
Keyboards. After providing the audio class folder, the Extract Features button turns to
an active state, and by clicking on this button, a file dialogue window appears asking
the name and path of the audio dataset to save it as an excel file. The feature extraction
process starts right after the user has entered the required information and clicked the

save button.

After providing the appropriate audio folder, the Extract Features button becomes
active and by clicking on this button, a file dialogue appears to ask for the audio dataset
name and path to save as an excel file. Then, the feature extraction process starts. This
feature extraction process can take a long time depending on the number of audio
features with their statistics that are being computed, the number of audio files and

their lengths in the folders, and computer performance.

Under the Short-Term Feature Properties frame, the check box widgets present 11
low-level audio features besides their window-size and step-size calculational
durations. Users can create their datasets by different combinations of those audio
features with different computational time frames (window and step sizes). Also, the
mid-term statistics are restricted with mean, standard deviation, and median. The
window and step sizes must be selected for short-term feature extraction between 0.02-
0.2 and 0.02-0.01 seconds. On the other hand, those two parameters must be ranged

between 0.5-1.5 seconds and 0.1-1 seconds for the mid-term feature extractions.
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Whenever a user enters an inappropriate time frame, the software does not initiate the
feature extraction process and prompts a warning message where allowed ranges for

frame durations are shown on the screen.

4.4.2 The Classifier

The Classifier is necessary for creating and testing a machine learning model for using
MixPrep’s automatic instrument grouping function. This part has two sections: one for
training and the other one for testing ML models. For training, the user must select an
appropriate instrument folder by clicking the Choose Folder button from the Feature
Extractor frame as the dataset creation process. After providing this condition, the ML
Model Name button becomes active, and clicking that button brings a file dialogue
box that asks the user to select a machine learning model name and its path for saving
it to the hard drive. Next, the user can click the Start Training button to initiate model
creation with the provided audio data. However, because the tick box Save Audio
Dataset Excel is selected as default, a file dialog appears and expects the user to enter
the dataset file name and the saving path into the hard disk as an excel file. The
software starts to feature extraction and builds an SVM model by accepting the name

and path information.

As seen in the Training frame, the properties, svm_rbf (machine learning model type),
Standard Scaler, and Save Audio Dataset as Excel File tick boxes are locked. The
model svm rbf performs best compared to the other available machine learning
models in the pyAudioAnalysis library; on the other hand, the standard scalar is a
widely used data preparation method for dealing with different ranged parts of data
and saving the dataset as an excel file is regarded as beneficial for further investigating
the dataset performance on different platforms such as MATLAB. Those properties
were intentionally added to the GUI to provide a better understanding for users. For
example, considering that a user gives testing as a name, after the training process,
four files -testing, testing.arff, testingMeans, and testing.xlsx- will be saved on the

hard drive as a result of the model creation.

This module also has a Testing window where users can check the performance of an
SVM model with different audio files. To conduct a testing procedure, users should
select a machine learning model, one of the ML model files without an extension, and

provide a folder containing audio files for testing. The classification results for the
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provided audio file(s) (depending on number of the audio files in the testing folder)

will be shown in the Test Results list box.

4.5 Performance Concern of the Software

Besides higher accuracy, quicker performance is also essential while implementing an
instrument classification algorithm into music production steps. The duration of the
classification process is substantially affected by the amount and complexity of the
data. During the feature extraction process including dataset creation or classification,
the duration of the audio files increases the calculation time drastically. On the other
hand, audio files in multitrack projects are intact silenced and voiced/played parts get
together most of the time. The redundancy of the silence parts becomes problematic,

causing increased calculation time and deteriorating the accuracy of the classification.

MixPrep software uses an algorithm that reads the audio files by block-wise technique
to shorten the classification duration to attain a more representative version of
imported audio files. The algorithm finds the onset point at a higher RMS level of each
audio file and saves their two second-duration versions into a temporary file. Then, the
execution of the classification process is performed with those two-second excerpts so

that the calculation time reduces from a couple of minutes to just seconds.

4.6 Planning the Dataset

The Machine Learner is responsible for dataset creation. Because of that, it is worth
mentioning some critical points of dataset planning. A dataset is a fundamental part of
a machine learning model. The model's success rate depends on the compatibility of
the dataset with provided data that will be classified. Therefore, the aim and objective
of a machine learning model must be explicitly determined to attain robust learning

modeling by a convenient dataset.

In this research, regarding the dataset, the main concerns were to determine the number
of instrument classes to have in different folders and organize those folder contents
regarding the properties of their audio files. The instrument classes were organized as
instrument families like drums, bass, guitars, keyboards, strings, and wind, bearing in
mind the general requirements of the mix preparation in this study. Nonetheless,

different session preparation ideas considering multitrack mixing styles or strategies
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applied by the engineers may require different solutions, and they are rather more

challenging to implement as an automatic solution like this study aims to achieve.

Another point is that, finding or creating a decent audio library for building an audio
dataset is not an easy task. Deciding which audio files are included in the audio library,
organizing them, and editing requirements of the audio files (like taking out the
unwanted part) are time-consuming tasks. A detailed dataset creation approach will be

discussed in the experiment section.
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5. EXPERIMENT WITH THE MIXPREP

This section demonstrates a complete procedure that includes obtaining an audio
library, creating an ML model related to the audio dataset, and estimating the MixPrep

software performs with real multitrack projects.

In order to persuade this purpose, suitable audio files are investigated in the Apple Jam
Packs library for dataset creation. This library content is organized in six folders
regarding instrument family classes. Table 5.1 shows the properties of these six
folders. The next step was to extract audio features to create the audio dataset and its
ML model. The settings of the window and step size durations were 20 msec and 40
msec for short-term feature extraction, and for mid-term feature extraction, these
parameters were 400 and 800 msec respectively. The extraction process included 35
audio features (Table 5.2) and three different statistics (mean, standard deviation by
mean, and median), resulting in a 5276x106 (included the target instrument family)
dimensional dataset and an SVM (with RBF kernel). The model evaluation showed
that the SVM model performs with 95.0% accuracy with parameter C equals 20. The
same dataset was also reviewed by using MATLAB’s classification learner module.
As aresult, the SVM Cubic algorithm attained 95.1% accuracy among the 24 different
machine learning algorithms (Table 5.3). This result proves that the SVM algorithm is
the best machine learning algorithm for this type of audio application. Additionally,
95.0% classification accuracy shows that the organization of the instrument classes is

valid.

This ML model is used to estimate instrument family of 1423 audio files in multitrack
projects from Mixing Secrets for The Small Studio-Additional Resources website’.
Four musical genres (pop, rock, jazz, and dance) are obtained, and 20 multitrack

projects are picked from each on that website.

7 Mixing Secrets For The Small Studio - Additional Resources
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Among the Pop, Rock, Jazz, and Electronic/Dance genres, the average performance
results attained by the machine learning model are 65.89%, 68.52%, 67.20%, and
57.10% respectively. On the other hand, the average performance results for dedicated
instrument families that the Drums& Percussion, Bass, Guitars, Keyboards, Strings,
and Wind were 84.80%, 67.72%, 53.66%, 16.44%, 61.11%, and 25.0%, respectively.
Table 5.15 shows the success rates for instrument families and genres. Likewise, the
selected multitrack projects and the estimation results of each audio file were given in

Appendix B and C.

5.1 The Experiment Dataset

According to the aim of this dissertation, an audio dataset is necessary for an
instrument’s family recognition. For that purpose, the dataset must comprise a wide
range of audio files exhibiting properties of specific instrument family groups. In
music production applications in which the machine learning methods take part, the
audio loops can be more functional than the general-purpose audio libraries. Therefore,

Apple Jampack Loops were used to create this dissertation dataset.

During the dissertation research, the researcher examined the contents of Jam Pack 1,
Jam Pack Remix Tools, Jam Pack Rhythm Section, Jam Pack Symphony Orchestra.
Even though the selected audio files had different lengths, no further editing seemed
necessary. The audio files in those loop libraries were arranged into six instrument
families named Drums & Percussions, Bass, Guitars, Keyboards, Strings, and Winds
to create an audio dataset. The properties of the instrument classes and the number of
audio files in each are available in Table 5.1. Although properties of the audio contents
and the number of instrument classes differ on the purpose of the classification task,

this setup is considered appropriate for this dissertation research.

For the research dataset, the audio features of the MixPrep machine learner are given
in Table 5.2. The dataset consists of 11 temporal and spectral features with means,
standard deviations, and median statistics. The resulting audio dataset has dimensions
of 5276x106 (the latest column for corresponded class names). For this dataset,
window size of short-term calculations is 20 msec, and the step size is 40 msec; for the

mid-term, parameters are 400 msec and 800 msec, respectively.
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Table 5.1: Instrument families (classes) in seven instrument groups and their

properties.

Classes

Min. Number
Some Properties of the Audio Classes Max. of Audio
Length Files

Drums &
Percussions

Bass

Guitars

Keyboards

Strings

Winds

Drum-sets (Patterns and fills, in different styles),

Electronic-Dance Drums, Drum-set with 120 sec 1965
percussion(s), Drums Machines, Percussions (such ’

as congas, Tambourine, Shakers and similar.)

Bass guitars (in different genres, with some,
availability of audio effects, some sampled), 1-23 sec. 843
Double basses (played with different techniques)

Wide variety of Guitars such as Acoustic, Nylon,
Electric, with various genres (rock, metal, jazz and
similar) and playing techniques (fingers, plucked,
strummed, slides, and similar), most of them
having some audio some effects (like distortion,
wah-wah, reverb)

1-32 sec. 1114

Organs, Clavinets, Wurlitzers, Rhodes, Acoustic

and Electronic Pianos. 1-32 sec. 599

Mostly orchestral, sample-based, or real. Various
playing techniques, some recordings solo, but
most of them recorded as an ensemble. Reverb as
the predominant effect.

1-32 sec. 395

Brasses, Harmonica, Flutes, French and English
Horns, Clarinets, Oboes. Some solo performances 1-40 sec.
but most of them as an ensemble.

359

Table 5.2: Audio features and number of columns.

Features Number of Columns
Zero-Crossing Rate Single
Energy (Power) Single
Entropy of Energy Single
Spectral Centroid Single
Spectral Spread Single
Spectral Entropy Single
Spectral Flux Single
Spectral Roll-off Single
Harmonic Ratio Single
MFCC 13
Chroma Vector 12+1 (mean of the bins)
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5.2 Estimation of the Dataset Consistency with Supervised Machine Learning

Algorithms

The MixPrep provides two tables while creating the audio dataset. The first one shows
the best C (regularization) parameter, providing each class name with PRE, REC, and
f1 merits for the SVM algorithm. The second one shows a confusion matrix for the
best C parameter that performs best among the others. These tables are given in the
Appendix A. According to the evaluation result, the best C parameter is 20.0, which
gives 94.2% accuracy and 92.0% f1 for the dataset.

The same dataset was also reviewed with MATLAB’s ClassificationLearner module
for double-checking while finding the best-supervised machine learning method.
According to the result, the best audio classification method was the SVM Cubic
algorithm with 94.3% overall accuracy with five folded cross-validation. Table 5.3
shows the supervised machine learning algorithms with various model/kernel types

and their accuracy percentages for the provided audio dataset.

Table 5.3: Accuracy results by MATLAB's ClassificationLearner module for the

dataset.
gigi?gﬁ?;wn Model Type/Kernel Overall Accuracy
Fine 80,5 %
Tree Medium 75,4 %
Coarse 70,4 %
Discriminant Lincar . 83,5 %
Quadratic 85,7 %
Bayesian Naive . 71,6 %
Kernel Naive 75,0 %
Linear 87,0%
Quadratic 93,3 %
Cubic 94,3 %
SVM Fine Gaussian 52,8 %
Medium Gaussian 91,4 %
Course Gaussian 80,9 %
Fine 89,0 %
Medium 84,4 %
Coarse 75,4 %
KNN Cosine 84,2 %
Cubic 82,2 %
Weighted 87,1 %
Boosted Trees 79,3 %
Bagged Trees 88,9 %
Ensemble Subspace Discriminant 81,8 %
Subspace KNN 85,2 %
RUSBoosted Trees 73,6 %
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For the SVM Cubic algorithm, confusion matrixes of Numbers of Observations for
each class, TPR-FNR (True Positive Rates-False Negative Rates) and PPV-FDR
(Positive Predictive Values- False Discovery Rates) were given in Table 5.4, Table

5.5, and Table 5.6, respectively.

In Table 5.4, the diagonally placed cells in which the True and the Predicted classes
coincide, showing the number of successful observations for each instrument class by

the provided dataset.

Table 5.4: Numbers of observations for each class in the provided dataset.

Bass 777 23 32 6 5 0
Drums & 5 993 g9 31 1 10
Percussions
2 | Guitar 18 46 875 84 62 29
@)
2
&= | Keyboards 4 10 129 394 37
Strings 13 16 139 18 199 10
Wind 2 14 56 56 21 210
é wn
» b 2 5 i £ =
2 £ 2 = s S =
as)] 2 5 ) > % =
A B S
2 v
Predicted Class

The divisions of the successful observation results (in Table 5.4) to the number of
audio files in individual classes provide the True Positive Rates for each of these

instrument classes, given in Table 5.5.
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Table 5.5:Confusion matrix TPR (True Positive Rates) and FNR (False Negative

Rate).
Bass 922% 27% 38% 07% 06% 0.0% 922%  7.8%
DrumS& 0 0 0 0 0 0 0 0
pomSE 1% 912%  5.0% L% 0.6% 0.5% 912%  8.8%
2| Guitar 1.6%  4.1% 7;;5 75%  5.6%  2.6% 78.5%  21.5%
<
O
(]
2| Keyboards  0.7% 1.7% 200 08 4000 629 65.8%  34.2%
= % %
Strings 33%  41% 22 a6 04 550 504%  49.6%
% %
. 156 156 58.5
Wind 0.6% 39% AR 58.5%  41.5%
2 3
2 25 ks g g
< %] = = =]
o =} =} g =) B a4 a4
Predicted Class

For this dataset, considering the confusion matrix of TPR and FNR’s (in Table 5.5),
the prediction performance is the best for the Bass class (97.3%), while the String class
is the worst. However, according to the confusion matrix for PPV and FPV (in Table
5.6), the classification performance for Drums&Percussion class is best (98.3%); yet

for the Wind class, it is the worst (74.8%).

For each instrument class, the classification results were sorted from the best to the
worst as Bass, Drums&Percussions, Guitars, Keyboards, Wind, and Strings in terms
of TPR and FNR merits (Table 5.5). However, according to the PPV and FDR
confusion matrix (Table 5.6), the performance results from best to worst are

Drumsé&Percussions, Bass, Strings, Guitars, Keyboards, and Winds.

The best accuracy rate attained with the SVM Cubic Kernel endorses the idea that

MixPrep’s SVM method is a suitable machine learning method for this audio dataset.
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Table 5.6: Confusion matrix for PPV (Positive Predictive Values) and FDR (False

Discovery Rates).
Bass 93.1 1.2 2.4 1.0 1.5
Drums & 25 943 74 5.3 34 34
Percussions
§ Guitar 22 2.4 65.8 14.3 19.2 9.8
g
O
E Keyboards 0.5 0.5 9.7 66.9 7.7 12.5
=
Strings 1.6 0.8 10.5 3.1 61.6 34
Wind 0.2 0.7 42 9.5 6.5 70.9
PPV 93.1 94.3 65.8 66.9 61.6 70.9
FDR 6.9 5.7 34.2 33.1 38.4 29.1
é ©n
@ OE % g -g 5 o
g £ 2 E 3 £ s
I
A~ M
Predicted Classes

5.3 The Experiment with Multitrack Projects

MixPrep’s instrument classification performance was tested with 80 multitrack
projects taken from Mixing Secrets’ Free Multitrack Download Library®. The projects
were picked considering four different musical genres grouped as Pop, Rock, Jazz,
Electronic/Dance and imported into the software one by one to simulate in real-life
music production situations. Some of those projects contain vocals and back-vocal
tracks. However, vocal-related tracks were not included in the statistical calculation of
the classification success because the dissertation dataset does not have any dedicated
vocal class. On the contrary, the tracks with “FX” tags were included in the calculation

of the classification success since those tracks generally have rhythmic functions rather

8 https://www.cambridge-mt.com/ms/mtk/
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than melodic; therefore, they are expected to be categorized in Drums&Percussion

class.

It is necessary to remark that, for estimating a success rate, the number of results in
each instrument family estimated by the instrument recognition algorithm was divided
by the sum of the instrument. The number of each instrument family was determined
only regarding the file names. So, the computational merit for success rates depends
on the description of the audio files, even though it sometimes contradicts their file
contents or arrangement-wise functioning. For example, an audio file named bass may
be created with an electronic piano, or a file named synth may remind a strings

instrument.

5.3.1 Multitracks under the Pop genre

There are 384 audio files examined for this genre, 253 of which were found correctly

according to the instrument family classification (Table 5.7).

Table 5.7: MixPrep's machine learner performance evaluations for the Pop projects.

Numbers
of Numbers Instrument
Genre Artist/Band Song Name of Classification
Successful
Tracks Success
Tracks
1 Atlantis Bound I Wgs Wy Izl ftor 20 21 95,24%
Waiting
2 David Tyo Oh Life 15 17 88,24%
3 David Tyo Long Way Home 13 15 86,67%
4 Amy Helm & The Handsome Rescue Me 12 15 80,00%
Strangers
5 Benjamin John Better Way 18 23 78,26%
6  The Wrong'uns Rothko 8 11 72,73%
. Well Talk About It a
7  Ben Carrigan All Tonight 20 29 68,97%
8  Finlay Same Kind of Life 9 14 64,29%
9  BaumXmedia Koishii 12 19 63,16%
10  David Tyo Never Ebb But Flow 15 24 62,50%
2 11 Eduard Semenov LV GELG R 5 8 62,50%
g Gloom
12 Ted Behrman Convertible 11 18 61,11%
13 David Tyo i 5 iy B Lo 9 15 60,00%
14 Angelo Boltini This Town 26 43 60,47%
15 Drumtracks Ghost Bitch 8 14 57,14%
16 Al James Schoolboy 13 23 56,52%
Fascination
17 Trick Bird Window 10 17 58,82%
18  Ben Carrigan Hey Carrie Anne 10 19 52,63%
19  Strobe Maya 11 22 50,00%
20  James Elder & Mark M Thompson gfll) English ~ Actor 8 17 47,06%
Number of successful and total tracks for this genre 253 384
Average Success 65,89%
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The best family identification result was achieved at a 95.24% level, resulting in 20
correct classifications over the 21 audio files for the project called It Was My Fault for
Waiting. This project consists of Drum&percussion, Bass, and Guitars families, and
the common sonic feature among the tracks is that they all have a very dry and clean

sound.

In Table 5.8, classification success rates for each track are given for the available
instrument families. Through the tracks, the average success rates for the
Drumsé&percussion, Bass, Guitars, Keyboards, Strings, and Wind families are 83.78%,

76.00%, 53.33%, 22.92%, 60,61%, 0.0%, respectively.

Table 5.8: Pop projects by the success rates of the available instrument families.

Drums &

Artist/Band Track Name . Bass Guitars Keyboards  Strings Wind
Percussions
I AdantisBound L WaSMyFault 606600 10000%  91,67% . - -
for Waiting
2 David Tyo Oh Life 90,00%  100,00%  75,00% 100,00%  100,00% -
3 David Tyo h‘(’)‘feway 100,00%  100,00%  80,00% 50,00% - -
Amy Helm & The
4 Handsome Rescue Me 100,00% 100,00% 33,33% - 0,00% -
Strangers
5 Benjamin John Better Way 93,75% 100,00% 40,00% 0,00% - -
6 The Wrong'uns Rothko 80,00% 100,00% 60,00% - - -
7 Ben Carrigan Well Talk About ¢ 5700 100.00%  100,00% 3333%  66,67%  0,00%
It All Tonight
8  Finlay E"l‘ge Kt 57.14%  100,00%  100,00%  3333% - -
9  BaumXmedia Koishii 100,00%  100,00% . 22,22%  100,00% :
10 David Tyo IF\Ilf)V\:r Ebb But 81,82%  100,00%  50,00% 0,00% ; ;
11 Eduard Semenoy ~ averof The 100,00%  100,00%  50,00% - - 0,00%
White Gloom
12 Ted Behrman Convertible 100,00% 50,00% 33,33% 0,00% - -
13 David Tyo lts So Basy to 85,71% : 50,00% 000%  0,00% e
Love You
14 Angelo Boltini This Town 9333%  100,00%  41,67% 0,00% 62,50% -
15 Drumtracks Ghost Bitch 50,00% 0,00% - 100,00%  100,00% -
16 Al James Schoolboy 66,67% 100,00%  25,00% 0,00% 100,00% -
Fascination
17  Trick Bird Window 77,78% 0,00% 50,00% 2 : :
18  Ben Carrigan Hey Carrie Anne 66,67% 100,00% 0,00% 100,00% 37,50% -
19  Strobe Maya 90,91% 50,00% 0,00% 0,00% : :
James Elder & .
20 Mark M The E“ghlslh 71,43% 0,00% 33,33% 33,33% - -
Thompson Actor (Full)
Average  83,78% 76,00%  53,33% 22,92%  60,61%  0,00%

5.3.2 Multitracks under the Rock genre

In this section, the algorithm is correctly classified 259 audio tracks to instrument
families by examining 378 audio tracks in total (Table 5.9). There are no strings and
wind instruments available in the multitrack projects of this genre. The song The Island
of Alsocanla was scored with a complete (100.0%) rate by the successful placement of

12 instruments under the Drums&percussion, Bass, and Guitars families (Table 5.10).
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Table 5.9: MixPreps’s machine learner performance evaluations for the Rock

proj ects.
Nur‘l)l?ers Numbers Instrument
Genre Artist/Band Song Name of Classification
Successful
Tracks Success
Tracks
1 Imp Act The Island of Alsocanla 12 12 100,00%
2 Blue Lit Moon Dad's Glad 9 10 90,00%
3 Candlebox Happy Pills 13 15 86,67%
4  Complainiacs Etc 9 11 81,82%
5 Decypher Unseen 22 27 81,48%
6  Bobby Nobody Stitch Up 10 13 76,92%
7  Forkupines Sleep by The Fire Bloom in Water 23 30 76,67%
8  The Black Crown Flames 15 20 75,00%
9  All Hands Lost Ambitions 13 18 72,22%
10 Angels In Amplifiers I'm Alright 7 10 70,00%
= 11 Candlebox Surrendering 13 19 68,42%
é’ 12 Louis Cressy Band Good Time 13 19 68,42%
13 Bill Chudziak Children Of No-one 14 21 66,67%
14 The Apprehended Still Flyin 16 25 64,00%
15 Ale Lak Nosso Mundo Deixou De Existir 15 24 62,50%
16 Cnoc An Tursa Bannockburn 18 31 58,06%
17  The Black Crown Cage 13 24 54,17%
18  Death of a Romantic The Well 10 19 52,63%
19 JetB Suit You 7 14 50,00%
20  DarkRide Dead Enemies 7 16 43,75%
Number of successful and total tracks for this genre 259 378
Average Success 68,52%

Table 5.10: Rock projects by the success rates of the available instrument families.

Artist/Band Track Name PIe):cuuTssiizls Bass Guitars Keyboards
1 Imp Act The Island of Alsocanla 100,00% 100,00% 100,00% -
2 Blue Lit Moon Dad's Glad 85,71% 100,00% 100,00% -
3 Candlebox Happy Pills 100,00% 66,67% 50,00% -
4 Complainiacs Etc 71,43% 100,00% 100,00% -
5  Decypher Unseen 100,00% 100,00% 58,33% -
6 Bobby Nobody Stitch Up 100,00% 100,00% 25,00% -
7 Forkupines i}e\;ﬁ;zyr el e 90,48% 50,00% 50,00% 0,00%
The Black Crown Flames 84,62% 50,00% 60,00% -
9  All Hands Lost Ambitions 91,67% 100,00% 0,00% -
10 Angels In Amplifiers I'm Alright 60,00% 100,00% 100,00% 0,00%
11  Candlebox Surrendering 80,00% 100,00% 33,33% -
12 Louis Cressy Band Good Time 64,29% 100,00% 100,00% 0,00%
13 Bill Chudziak Children Of No-one 100,00% 0,00% 60,00% 20,00%
14 The Apprehended Still Flyin 100,00% 100,00% 60,00% 0,00%
15 Ale Lak E;S:t‘i’rM““d" Deixou De 83,33% 100,00% 52,94% -
16  Cnoc An Tursa Bannockburn 81,25% 0,00% 41,67% 0,00%
17  The Black Crown Cage 63,64% 66,67% 44,44% 0,00%
18  Death of a Romantic The Well 62,50% 50,00% 50,00% 0,00%
19 JetB Suit You 66,67% 100,00% 0,00% 0,00%
20  DarkRide Dead Enemies 60,00% 100,00% 0,00% -
Average 82,50% 79,49% 51,24% 5,56%
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5.3.3 Multitracks under the Jazz genre

This part comprises 314 individual audio tracks in which the ML model was able to
classify 211 of them correctly, which corresponds to 67.20%. In this part, even though
each instrument family contains audio files, again the Drums&percussion is the most
crowded class (176 tracks); yet, the strings have only a few (3 tracks). As seen in Table
5.11, the song If I Were A Bell has the highest instrument classification score at 90.0%,

and the song The Opener has the lowest classification score at 21.05%, which is also

the poorest result among all the genres.

Table 5.11: MixPrep's machine learner performance evaluations for the Jazz

proj ects.
Nur:)l?ers Numbers Instrument
Genre Artist/Band Song Name of Classification
Successful
Tracks Succes
Tracks
1 H-owl Project If I Were A Bell 9 10 90,00%
2 Lorenzo Price Changing Things 14 16 87,50%
3 Patrick Talbot Upper Hand 17 20 85,00%
4 Jesper Buhl Trio What Is This Thing Called Love 5 6 83,33%
5  Dino On The Loose Queens Light 14 17 82,35%
6  Patrick Talbot Blue 12 15 80,00%
7  Patrick Talbot A Reason to Leave 19 24 79,17%
8  Patrick Talbot Fool 10 13 76,92%
9  Maurizio Pagnutti Sextet Bess 12 16 75,00%
10 Maurizio Pagnutti Sextet  All The Gin Is Gone (full) 12 16 75,00%
N 11 Araujo The Saga of Harrison Crabfeathers 8 11 72,73%
= 12 Alejo Granados Rumba Chonta 13 18 72,22%
13 Eddie Garrido Africa 10 14 71,43%
14  Eddie Garrido Scarlett 16 23 69,57%
15  Patrick Talbot Set Me Free 10 16 62,50%
16  Eddie Garrido 5th Floor 5 10 50,00%
17  Pawel Maciwoda 1 Of The First 13 30 43,33%
18  Abletones Big Band Song of India 7 20 35,00%
20  Abletones Big Band Corine Corine 5 19 26,32%
19  Lindy Hip Big Band The Opener 4 19 21,05%
Number of successful and total tracks for this genre 211 314
Average Success 67,20%

Table 5.12 shows the success rates of every instrument family for each available track
in this genre. Still, the average classification performance is the best for the
Drumsé&percussion family with 85.23%, and the other scores for Bass, Guitars,
Keyboards, Strings, and Wind are 64.29%, 62,07%, 32.43%, 66.67%, 26.83%,

respectively.
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Table 5.12: Jazz projects by the success rates of the available instrument families.

Drums &

Artist/Band Track Name P . Bass Guitars Keyboards Strings Wind
ercussions

1 H-owl Project If I Were A Bell 100,00% 100,00% - 0,00% - -

2 Lorenzo Price Changing Things 100,00% 100,00% 50,00% 0,00% - -

3 Patrick Talbot  Upper Hand 100,00% 100,00%  100,00% 0,00% 2 0,00%

4 J esper Buhl What Is This Thing 100,00% 0,00% - 100,00% - -
Trio Called Love

5 i’(‘)’;‘;eon T e L 100,00% 100,00% - 50,00% = =

6  Patrick Talbot  Blue 81,82% 100,00%  100,00% 0,00% - -

7  Patrick Talbot A Reason to Leave 82,35% 0,00% 75,00% 100,00% - -

8  Patrick Talbot  Fool 75,00% 100,00%  66,67% 100,00% - -

9 If\’/é[:;lll‘lrlllftlioSexte . Bess 100,00% 50,00% - 0,00% - 66,67%
Maurizio All The Gin Is Gone o o o o

10 poomutti Sextet  (full) 100,00% 100,00% - 0,00% - 33,33%

The Saga of
11 Araujo Harrison 71,43% 100,00%  100,00% 0,00% - -
Crabfeathers

1o Aleio Rumba Chonta 88,89% 50,00%  100,00% - - 50,00%
Granados

13 Eddie Garrido  Africa 100,00% 100,00%  50,00% 50,00% 0,00%  66,67%

14 Eddic Garrido  Scarlett 75,00% 100,00%  100,00%  20,00% 100,00% -

15 Patrick Talbot  Set Me Free 80,00% 0,00%  3333% 100,00% - 0,00%

16 Eddie Garrido  5th Floor 75,00% 100,00%  0,00% 25,00% - -

17 ija"éfim i 1 Of The First 81,82% 3333%  3333% 0,00% - 16,67%

18 g:lllfltones Big  gong of India 44,44% 50,00%  0,00% 50,00% - 16,67%

20 gz’rllfitones EE oot 62,50% 0,00% 0,00% 0,00% - 0,00%

19 ;ﬂy HipBig 13 Opener 100,00%  100,00%  0,00% 0,00% - 0,00%

Averages 85,23% 64,29% 62,07% 32,43% 66,67%  26,83%

5.3.4 Multitracks under the Electronic/Dance genre

In this part, the multitrack projects contain 352 audio files, and the ML algorithm was
able to identify the instrument families for 201 of them, which coincide with 57.10%.
As seen in Table 5.13, the project Horizon gained a higher rank at 76.92% among the
other projects in this genre, while Fly High attained the worst score (39.13%). Those

projects do not have any audio track that belongs to the Strings or Wind families.

Table 5.14 shows the success rates of every instrument family for each available track
in this genre. Again, the average classification performance is the best for the
Drumsé&percussion family with 87.83%, besides Bass, Guitars, keyboards have
51.43%, 66.67 and 10.66%, respectively. So, it is observed that the Keyboards family

cannot represent synthesizer-based audio files that dominate this genre.
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Table 5.13: Mixprep's machine learner performance evaluation for the
Electronic/Dance projects.

Numbers of Numbers of Instrument
Genre Artist/Band Song Name Successful Classification
Tracks
Tracks Succes
1 Galias Horizon 10 13 76,92%
2 AM Contra Heart Peripheral 6 8 75,00%
3 Albert Kader Ubiquitous 8 11 72,73%
4 Mustafa Albazy Shela Ya Marhaba 25 35 71,43%
5 Babe Grand Aiguille Rouge 16 23 69,57%
6 cifx Mathematician 11 16 68,75%
7  Babe Grand King Of The Weekend 10 15 66,67%
8 APZX Transcention 10 16 62,50%
9  Albert Kader Whiptails 8 13 61,54%
51 10 Ian Dearden Terania Creek Walking 7 12 58,33%
g 11  JOK3R SeptemberTrance 10 18 55,56%
g 12 Mustafa Albazy ~ Tgheer 17 32 53,13%
'g 13 APZX Lacuna 13 25 52,00%
§ 14 Skelpolu E}?ﬁg‘alous Weeping 6 12 50,00%
= 15 JP Lantieri Chardonnay Mystik Vibe 6 13 46,15%
Remix
16  Skelpolu Entwine 6 13 46,15%
17  JP Lantieri Chardonnay 5 12 41,67%
18  Nervbloc Slapback 12 27 44,44%
19  Skelpolu Cold Strive 6 15 40,00%
20  Aron Jaeger Fly High 9 23 39,13%
Number of successful and total tracks for this 201 350
genre
Average Success 57,10%

Table 5.14: Electronic/Dance projects by the success rates of the available
instrument families.

Artist/Band Track Name Plz:cllullslssi()g:ls Bass Guitars Keyboards
1 Galias Horizon 100,00% 100,00% - 0,00%
2 AM Contra Heart Peripheral 100,00% 100,00% - 0,00%
3 Albert Kader Ubiquitous 100,00% 100,00% - 0,00%
4 Mustafa Albazy Shela Ya Marhaba 80,95% 100,00% 60,00% 50,00%
5 Babe Grand Aiguille Rouge 77,78% 100,00% - 25,00%
6 c:fx Mathematician 87,50% 100,00% - 33,33%
7 Babe Grand King Of The Weekend 75,00% 100,00% - 0,00%
8 APZX Transcention 83,33% 0,00% - 0,00%
9  Albert Kader Whiptails 100,00% 0,00% - 0,00%
10 Tan Dearden Terania Creek Walking 75,00% 0,00% - 33,33%
11 JOK3R SeptemberTrance 75,00% 100,00% - 25,00%
12 Mustafa Albazy Tgheer 100,00% 50,00% - 6,67%
13 APZX Lacuna 100,00% 50,00% - 0,00%
14 Skelpolu Anomalous Weeping (Full) 100,00% 0,00% 100,00% 0,00%
15 JP Lantieri ggﬁf&onnay Mystik Vibe 100,00% 0,00% - 0,00%
16  Skelpolu Entwine 100,00% 0,00% - 28,57%
17  JP Lantieri Chardonnay 66,67% 50,00% - 0,00%
18  Nervbloc Slapback 90,91% 28,57% - 0,00%
19  Skelpolu Cold Strive 100,00% 50,00% - 0,00%
20 Aron Jaeger Fly High 80,00% 100,00% - 0,00%
Averages 87,83% 51,43% 66,67% 10,66%




5.4 Evaluation of The Results

Table 5.15 gives the relationship between instrument families and genres, providing
individual and overall success rates. The number of examined audio tracks in each
genre is almost equal, gathered around 350. The ML model successfully placed 924
audio files among 1428 files to the related instrument families, corresponding to a

64.71% success rate.

Table 5.15: Success rates for the instrument families and genres.

Genres
Pop Rock Jazz Electronic/Dance Tracks
% §  correct 155 165 150 166 636
2% total 185 200 176 189 750
s o success
g5 o 83,78%  82,50%  85.23% 87,83% 84,80%
correct 19 31 18 18 86
2 total 25 39 28 35 127
a s‘r‘;:::s 76,00% 79.49%  64,29% 51,43% 67,72%
2 o correct 48 62 18 4 132
E s total 90 121 29 6 246
gl & s‘;;:::s 53,33% 51,24%  62,07% 66,67% 53,66%
:‘3 4 correct 11 1 12 13 37
£l = total 48 18 37 122 225
< = success
E E e, 22,92%  5,56%  32,43% 10,66% 16,44%
- correct 20 - 2 - 22
z total 33 - 3 - 36
ot
& S‘;;::s 60,61% 66,67% 61,11%
correct 0 - 11 - 11
2 total 3 - 41 - 44
= s‘r‘::::s 0,00% 26,83% 25,00%
correct 253 259 211 201 924
total 384 378 314 352 1428
f‘:rvgjf::s 65.89% 68,52%  67,20% 57,10% 64,71%

Regarding instrument families, a generous amount of rhythmic instrument tracks exists
inside the 80 multitrack projects (750 files), and with the provided dataset, the ML
model concluded that 636 of them belong to the Drums&Percussions class, bringing
the best classification score as 84.80%. The available guitar collection which has the
second-largest instrument population in this experiment contains 246 tracks, 132 of

which are estimated by the algorithm successfully at a 53.66% rate. With 222 audio
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files, the keyboards compose the third largest collection among the entire audio files.
Unfortunately, the algorithm determined 37 of those files correctly, which is the worst
classification performance among instrument families’ success rate, which is 16.44%.
On the other hand, bass tracks constitute the fourth largest instrument collection by
containing 127 tracks. The algorithm associated 86 of those correctly at a 67.72%
success rate which is the second-best performance result among the instrument
families. The wind instrument collection is the fifth largest collection, comprised of
44 audio tracks and the algorithm successfully classified only 11 of them at a 25.0%
rate, which is the second worst classification performance in the whole experiment.
The Strings is the smallest collection containing only 36 instruments; yet, the

algorithm estimated only 22 audio files at a 61.11% rate.

The distribution of the success rates for each instrument group is also worth
mentioning regarding their placement under individual genres. As shown in Table
5.15, the success rates are similar throughout the Drums&Percussion family, from
82.50% to 87.83% for all genres. This result indicates that the ML model and dataset

perform quite successfully for the classification of the rhythmic instruments.

For the Bass family classification, the best success rate was 79.49% for the Rock genre,
and the worst result was 51.43% for the Electronic/Dance genres. The ML did wrong
family estimations for bass files in Transcention, Whiptails, Terania Creek Walking,
Anomalous Weeping, Chardonnay Mystik Vibe Remix, Entwine, and Slapback projects.
When listening to the bass-tagged audio files from those seven projects, it has been
observed that some audio files do not sound like a regular bass guitar. Also, some of
them were processed a modulated low-pass filter (Terania Creek Walking); triggered
with distinct rhythmic arpeggios (Whiptails); some comprised of a layered sound (in
Anomalous Weeping and Entwine); some had a very short attack and sustained parts
that reminded of a kick drum (Chardonnay Mystik Vibe Remix), or a combination of
these mentioned properties though probable. Likewise, in some situations, the ML
algorithm did some reasonable estimations while examining the instrument family of
a track, even if its actual name dictates a different instrument. One good example of
that situation came out while reviewing 11_Bass3b.wav, 13_Bass4.wav, 14_Bass5.wav tracks from
the Slapback project. These audio files sound pretty similar to a distortion guitar,

which explains why the algorithm recognized them as Guitars.
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The success rates of guitar classification through the genres in Table 5.15 indicate that
the Rock genre attained a lower rate (51.24%), even though this instrument type is
fundamental for this specific genre. In order to understand why almost half of those
tracks were classified wrongly, all guitar tracks from the worst scored project called
Dead Enemies were investigated. The tracks were divided manually regarding their
onsets, and 61 audio excerpts were acquired. Then, these excerpts were imported to
the MixPrep as if a project were exposed to a new instrument family classification
procedure. Although the ML algorithm had previously considered the actual guitar
files as a member of the Drums&percussion family, this time, 72.13% correct
classification rate occurred. So, the result shows that a robust audio excerpt algorithm
is required to attain more accurate instrument recognition results. The excerpt numbers
for each guitar track from the project Dead Enemies and their number of successful

classifications and rates are shown in Table 5.16.

Table 5.16: The name of the guitar tracks and their excerpts.

12_ElecGtr01 13_ElecGtr01DT 14 ElecGtr02 15 ElecGtr03 16 _ElecGtr04 Total

Correct

Reaits 13 12 7 6 6 44
Number of 13 12 18 9 9 61
Excerpts

Success 100% 100% 38.89% 66.67% 66.67% 72.13%

The Keyboard instrument family estimation showed the worst result compared to
success rates of other family classes. In this study, the synthesizer-based audio files
were assumed as a member of the Keyboard family. This assumption creates
uncertainty in the Keyboard instrument family definition in the dataset because
synthesized sounds have unlimited boundaries in terms of timbre that sometimes,
however, can be associated with a wide variety of instruments. Thus, this assumption
has deteriorated the calculation of the success rate for this specific instrument family.
For example, in the Still Flyin project (from the Rock genre), the algorithm classified
the 22_synth2.wav track as a part of the Drums&percussion class; nevertheless, this track
has a noticeable string sound. After splitting this audio file into three pieces regarding
its sounding parts and then classifying them again, this time, the ML algorithm was
able to estimate two pieces as a member of the String family. Additionally, despite

21_Synthl.wav and 23_synth3.wav having the phrase “synth” in their file names, they sound like
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a string, which the algorithm had also guessed. Therefore, the sound ambiguity (name
and function conflict) and onset detection irregularity are apparent aspects of designing

an ML-based instrument recognition implementation in the mix-preparation.

As seen in Table 5.15, only two genres have string-tagged audio files through the
experiment’s multitrack projects. The Pop accommodates 33, and the Jazz holds only
three string-related audio files. The project Hey Carrie Anne (Pop) has eight-string
tracks, only three of which were classified in the Strings family. When analyzing
misclassified tracks in this project, 11_cello.wav, 09 Violin2.wav, and 14_ViolaSamples.wav, it Was
observed that those audio files are polyphonic multi-instrument recordings, which are
out of the scope of this dissertation. So, these audio files are out of context. At the
same time, even though 13 ViolinSamples.wav and 15_CelloSamples.wav tracks are monophonic
performances, classification improvement is only attained by the second one after
dividing them manually, regarding their onsets and unsilent parts. Therefore, some
instrument families, particularly the Strings, are seen to require more samples in this
dataset and trusted segmentation strategies would be beneficial to determine
convenient audio excerpts from the examined audio files, especially dealing with
polyphonic recordings. Also, in the project So Easy To Love You, another instance of
name-function conflict over instrument usage is observed, which happened because
08_Cello.wav Was played with pizzicato technique and reminded a double bass instrument

that the ML algorithm approved of.

The Wind instrument family has 44 instruments, only 11 of which were classified
correctly. The project River of The White Gloom (from the Pop) has two trumpet tracks,
and they were previously identified as a member of the Drums&percussion and
Keyboard families. After manually dividing these audio files into 10 and 12 parts and
then classifying them with the ML algorithm again, this time, the classification
accuracy has substantially improved at a rate of 90.0% and 75.0%, respectively. Once
more, the importance of the excerpt algorithm that be provided in MixPrep is detected

to attain better classification results.

Another critical point is that the classification accuracy of an audio file significantly
reduces due to high leakage and low SNR, which frequently appear in live recording
situations. The audio tracks from the projects Corine Corine and Song of India (Jazz)

are both observed to suffer from the higher cross-talks in different levels in different

63



parts of the song. The cross-talks add another level of complexity while the algorithm

is solving solves the instrument recognition problem.

5.5 Strategies for Improving the Accuracy

Some important points while approaching the design and implementation of

instrument classification methods are indicated for music production steps.

5.5.1 Dataset creation

The first important point is to build a higher quality dataset. The dissertation dataset
was constrained using the Apple Jam Pack library consisting of various lengths and
numbers of audio loops (in Table 5.1). A higher number of class observations in a
dataset can increase the chance to attain more accurate classification results. However,
just before the dataset creation, the process of reviewing and eliminating unsuitable
content of each instrument family one by one led to a reduction in the number of
observations. This situation explains the low PPV results for Keyboard, Wind and

especially Strings classes in this dissertation dataset.

Nonetheless, the content sizes of classes in a dataset cannot guarantee better
classification rates alone. A suitable and wide variety of audio file organization
strategies is necessary to build better datasets and ML models implementing
instrument classification methods into an application for real-life scenarios. The
organization and coverage of classes (targets) depend on the ML strategy to solve a
problem. It is pretty challenging to attain a model with a higher generalization level,

especially in dealing with complex problems such as instrument classification.

5.5.2 Genre-specific datasets

In the experiment, the numbers of instrument family members are not equal and change
from one genre to another. For example, despite the Jazz genre having 41 and the Pop
having only three instruments suited to the Wind family, the other genres do not have
any tracks that belong to the wind class. Again, the Pop genre has 33, and Jazz has
only three strings; in contrast, the others have none. In some genres, some audio
families may not seem essential or have the priority to meet the expectations of the
arrangement. So it brings the idea that creating genre-specific datasets will facilitate

instrument family estimation.
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The available dataset has six instrument families, but MixPrep's machine learner
creator is available whenever a new dataset and SVM-based model is wanted to be
built by users. A dataset may be genre-specific (Pop, Rock, Jazz, etc.), family-based
(like the dataset of this dissertation), or relative-based, which consists of instruments
in the same family (e.g., viola, violin, cello, double bass). The datasets can have many
classes (like instrument families) and are saved as an excel file for further
investigation; however, MixPrep was restricted to using ten subgroups as instrument
families to create a Reaper session. In a different scenario, users can create many
datasets suitable to their needs for regular mixing workflows. In that case, cumbersome
audio editing will be required to remove redundant parts in audio files (like silences)

because the software has no segmentation algorithm.

5.5.3 Instrument denotations and functions in the arrangement

Another point appears when audio file denotations contradict their sound contents,
which has particularly been observed when reviewing the audio files in the Keyboards
family from the Electronic/Dance genre. This contradiction creates a situation that
causes false interpretations of the classification results regarding only the denotations
in the first place. So, the intended usage of instruments may not be compatible with
the definitions or functions of audio files in a multitrack project. The discrepancies
between contents and description of some audio files are observed particularly in the

synth-tagged tracks of the Electronic/Dance genre.

5.5.4 The excerpt algorithm

The audio tracks should be short enough yet present the recorded instruments well for
the loop-based instrument classification approach. Because of that, the MixPrep takes
two-second audio excerpts from the provided multitrack files before importing them
to the GUI. The two-second excerpt algorithm that is based on the onset detection
algorithm demonstrated in Librosa's audio library documentation was considered
necessary to eliminate redundant parts (especially silences) of the provided audio
tracks to increase classification speed. However, when reviewing the excerpts during
the experiments, it has been observed that the algorithm occasionally extracts the
audio's unsuitable or less suitable parts, which may cause poor classification results.

Manual slicing is observed to have improved the audio file classification success.
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Consequently, a better excerption algorithm will increase the classification

performance.

5.5.5 Leakage and low SNR levels

Some multitrack projects like Corine Corine in the Jazz genre were recorded in live
conditions, which caused severe leakage problems between the audio tracks and
negatively affected the accuracy of the instrument recognition. Since MixPrep does
not use any source separation method or algorithm to extract the salient instrument
sound from the provided audio tracks, leakage leads to a change in the temporal and
spectral contents of the track. This leads to an increase in the misclassification
probability in that situation. Similarly, wrong class estimation probability increases

when the audio file is recorded or processed with audio effects or has a low SNR level.
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6. CONCLUSION

This dissertation presented an assistant software that can do some basic tasks of
multitrack mix preparation. The motivation was to investigate how and to what level
of the mix preparation could be automated or at least reach a certain level of
automatization. Thus, music production becomes less labor-intensive by the intelligent
system taking over the technical complexity of the workflow. Intelligent music
production which is the field devoted to solving the technical struggles challenges of
music creation with clever tools inspired this study. Knowledge and the literature of
ML-based instrument recognition with the implementation of available ACA methods

were the core components to design the intelligent feature of the assistant software.

Some preliminary decisions had to be taken to conceptualize the mix-preparation
assistant software. The first decision was to determine the music creation platform to
integrate the software. Most DAWs are proprietary software that allows no or limited
controls over its functionalities. Since the projected software demands extensive
control over the DAW functionalities to conduct basic mix preparation requirements
which are organizing, grouping and coloring the audio files, open-source DAW
alternatives seemed appropriate. The second one was to determine the implementation
of the assistant software, whether it is a standalone or plug-in type. Then, the last
objective was to find a suitable ML library, then embed this library into the software

to execute the (aforementioned) mix preparation processes automatically.

According to the objectives mentioned above, Reaper is the most suitable DAW due
to having fully open-source structure and supporting Python scripting language, which
is well-known for creating ML solutions. The advantage of the Reaper was that the
ReaScript extension allows controlling most of its API functions remotely, which
means the mix-preparation software has the opportunity to be developed as a stand-
alone application with Python IDE. After determining the development platform, the
researcher considered the functionalities and layouts of the GUI of the mix preparation
assistant software. The software design philosophy was to build a flexible hybrid

software that allowed users to work with automatic (via machine learning) and manual
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settings. Hence, users can intervene in subgroup creation and organization processes
even though machine learning has already predicted instrument families of each audio
file. Also, users can manually create a mixing session by changing subgroup contents,
predefined colors, and names without deploying the ML-based subgrouping algorithm.
The properties of the GUI were developed regarding this philosophy. As a result, a

mix preparation software prototype (MixPrep) emerged.

Every supervised machine learning application requires an appropriate dataset for
classification or regression. So, the software has an ability that allows users to create
custom datasets with the combinations of different audio features and settings, along
with building an ML model that examines the instrument classes of provided audio
files. Therefore, MixPrep uses the pyAudioAnaysis ML library for instrument
recognition and ML model creation. The model creator can extract 35 audio features
in three different statistics and build an SVM-based machine learning model for later
usage. In this dissertation experiment, a 5276x106 (included the target instrument
family) dimensional dataset was created with the provided audio files. Since the
automatic subgrouping idea aims to guess only the instrument families of audio tracks,
designing the dissertation dataset focused on the loop-based solution instead of the
single-note-duration instrument samples approach. Because the functions of
instruments in music production are more important than their specific instrument
family most of the time, the intended artistic perspective of the music creation process
leads the producer to perceive musical instruments not just as pure instruments that
belong to a specific instrument family but also their functions arrangement wise. For
this reason, Apple Jam Packs audio library seemed beneficial for building this type of

dataset for instrument family estimations regarding its content organization.

Although MixPrep's ML model creator can model estimation while building a dataset,
MATLAB was also used to double-check the accuracy and legitimacy of the available
dataset by comparing a wide variety of machine learning models. As a consequence,
MATLAB approved that the support vector machine algorithm was the ideal
classification method for the dissertation dataset by a 95.1% accuracy rate. Even
though the pyAudioAnalysis library supports many different ML models, only the

SVM algorithm was included in the software for simplicity.

After determining the dataset and machine learning model, 80 multitrack projects

selected from the Mixing Secrets website in four genres (Pop, Rock, Jazz, and
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Electronic/Dance) were obtained to test the instrument recognition performance of the
MixPrep. Consequently, 1428 audio tracks have been examined in total through 80

multitrack projects.

Table 5.15 (Section 5.4) shows average performances of overall, genre-specific and
instrument families specific for 80 multitrack projects. The overall performance rate
was detected to be 64.71% for all instrument families. Regarding averages of the
instrument families, the best recognition rate was 68.52% for the Rock genre.
Regarding averages of the genres, the best instrument family estimation average was
84.80% for Drums&percussions. Detailed results are given in the Appendices.
Appendix B shows the names of included multitrack projects and their success rates
for each genre. Appendix C, D, E, and F show instrument family predictions of each
audio file regarding individual multitrack project files from the Pop, Rock, Jazz, and

Electronic/Dance genres, respectively.

The results indicate that the dissertation dataset and model can recognize drums and
percussive sounds at higher rates, at least 82.50%, without showing extreme results
related to the genres. Nonetheless, diverse recognition success rates for instrument
families were observed among the different genres. For example, the Bass family,
which had the second average successful classification rate among the instrument
families, ranked 79.49% in the Rock genre; yet the success rate degraded 51.43% in
the Electronic/Dance genre although they had almost the same numbers of bass
instrument tracks. Moreover, the same irregularities were seen through the Keyboards
family results over the genres, which is interestingly 32.43% for Jazz yet 5.56% for
the Rock genre.

Essential points have been mentioned to guide researchers who aim to design
intelligent systems and implement them into music production steps similar to the
dissertation research. These points were gathered under these subtopics: dataset
creation, genre-specific datasets, instrument denotations, functions in the arrangement,

audio excerpt algorithm, leakage, and low SNR levels.

In conclusion, a machine learning-based automatic multitrack premixing software
prototype has been introduced in this dissertation. This software works coordinatively
with the Reaper DAW and creates a multitrack mix session by creating subgroups and

changing their properties manually, automatically, or both, which means providing

69



complete control over the session creation thanks to a hybrid development paradigm.
The software utilizes a machine learning-based instrument recognition model to
classify multitrack audio files by a dedicated audio dataset. Again, this dissertation
demonstrated the loop-based audio dataset method as a novel dataset creation approach
for single-source instrument recognition tasks. It has also been observed that the SVM-
based machine learning algorithm provides the best classification performance after
examining this dataset with many different machine learning algorithms. The software
also provides a machine learning creator module that allows users to create their

custom audio datasets and SVM-based models for further usage and experimentation.

The mix preparation requires quite a lot of time, considering a musical album generally
consists of ten pieces, and each piece has tens of audio tracks. Indeed, as explained in
this dissertation, the mix preparation steps (track organization, style dependent, and
edit-based) cause an inevitable workload which reduces the engineers’ precious
energy, which is expected ideally consumed on artistic decisions during the mix.
Undoubtedly, automatic mix preparation solutions and their implementations into

modern DAWs will provide a comfortable working experience for mixing engineers.

The other mix preparation procedures which are not covered in this study, such as
audio alignment, phase correction (for example, for drums track), customization of
subgrouping, setting up audio busses over a signal route, and then adding audio plugins
on them automatically, creating markers to specific parts of the piece (e.g., intro, verse,
chorus), providing a rough mixing, and so on, all have potential to be automatized by

the ML and Al with appropriate methodologies.

For future works, MixPrep premixing assistant can be improved and become a tool to
create fully customized DAW sessions. Especially for mixing, this type of assistant
can be improved to make rough mixes, and genre-specific audio effect suggestions. To
make the production steps easier and quicker, the music creation companies can pursue
a similar methodology that this dissertation has and bring intelligent solutions for their

DAWs.

It is a well-known fact that artists always seek new sonic possibilities in music. We
frequently see that the functionality of an instrument in a musical arrangement does
not always match the instrument’s heritage and history, so the arrangement-wise track

functionalities must be evaluated carefully, and the automatic session preparation
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methodologies designed in this manner. New approaches for creating audio subgroups
by considering the arrangement-wise instrument functionalities are worth

investigating.

Deep learning methods have a higher utilization potential for music-related research
fields. In this regard, this research can be maintained further with a suitable and
enlarged audio library. Obviously, we need more extensive datasets for DL
applications, yet the sonic diversity of music-related applications is immense, and it is
hard to foresee how their variations occur in real situations. Despite that, we have a
few useful tools for alleviating dataset creation difficulties. The first is the audio loops
we prefer to use in this dissertation. Many commercial and non-commercial audio
loops are available that researchers can use. The second solution is to use MIDI and
VST libraries to create vast datasets. However, this may lead to another challenge
requiring an extensive workload for researchers to gain massive datasets. A new
research opportunity appears to work on automatic solutions that can create musical
phrases using VST technologies with available MIDI repertories for attaining new

audio datasets.

Moreover, attaining valuable knowledge about sound engineers’ habits and behaviors
in the production steps and logging them as parameters will provide new opportunities
for designing and developing automatic solutions for music production. We can bring
more accurate automatic solutions for mixing, mastering, sound design, semantic
audio, and similar realms. At that point, Web Audio API and open-source DAWs (like
Reaper) will facilitate data acquisition from sound engineers’ workflow and retrieve
their preferences on mixing and even any production step. With further research and
developments, I hope IDAWSs (Intelligent Digital Audio Workstations) will emerge

Soon.
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APPENDIX A: The best C parameter estimation result and confusion matrix of the trained SVM model.

Table A.1: Estimating the best C parameter for the dissertation audio dataset. This result appears on the console right after the model was
created.

Bass Drums&Percs Guitars Keyboards Strings Wind Overall

C Pre Rec F1 Pre Rec F1 Pre Rec F1 Pre Rec F1 Pre Rec F1 Pre Rec F1 Acc F1

0.001 16.7 0.0 0.0 374 1000 544 167 00 0.0 1.7 0.0 0.0 16.7 0.0 0.0 16.7 0.0 00 374 9.1

0.010 86.5 88.6 875 927 89.8 91.2 4211 948 583 167 0.0 0.0 16.7 0.0 0.0 16.7 0.0 0.0 67.7 39.5

050 912 962 936 976 96.0 96.8 793 917 85.0 822 770 795 863 549 67.1 778 76.1 77.0 88.6 83.2

1.00 952 955 954 970 974 972 837 928 88.0 865 793 828 845 697 764 845 81.7 83.1 90.9 87.1

5,00 988 97.1 980 980 985 982 91.0 946 928 893 867 880 &80 79.0 832 82.0 86.1 84.0 938 90.7

10.00 974 983 979 979 978 97.8 90.5 932 918 91.1 89.0 90.1 89.8 856 87.7 859 844 852 94.1 91.7

20.00 963 98.6 974 976 97.6 97.6 920 932 926 923 873 89.7 885 86.7 87.6 863 87.8 87.1 942 92.0
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Table A.2: A Confusion Matrix for the dissertation audio dataset. These results appear on the console right after the model was created.

Bass 1571  0.15 0.08 0.00 0.00 0.00
Drums & 034 3647 038 0.15 0.00 0.04
Percussions
é Guitar 0.15 0.38 1962  0.19 0.46 0.27
g
~ Keyboards 0.04 0.15 0.57 9.94 0.19 0.49
Strings 0.08 0.15 0.38 0.23 6.41 0.15
Wind 0.00 0.08 0.30 0.27 0.19 6.00
o )
o
s :i & ¢ & oz
< = — —
2 23 3 £ = =
A g v
Predicted Class
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APPENDIX B: Multitrack projects and success rates for the Pop, Rock, Jazz, and Electronic/Dance genres.

Table B.1: The multitrack projects and their success rates for the Pop genre.

Artist/Band Track Name Drums & Percussions Bass Guitars Keyboards Strings Wind Total %
Atlantis Bound W as My Ry 8 8 10000% 1 1 10000% 11 12 9167% 0 0 - 0 0 - o 0 - 20 21 9524%
for Waiting
David Tyo Oh Life 9 10 90,006 1 1 100,00% 3 4 7500% 1 1 100,00% 1 1 100,00% 0 0 . 15 17 8824%
David Tyo Long Way Home 7 7 100,00% 1 1 100,006 4 5 80,00% 1 2  5000% 0 0 - 0 0 - 13 15  86,67%
ﬁ;‘;{liﬁ: st‘rg;‘;rs Rescue Me 10 10 100,00% 1 1 100,006 1 3 3333% 0 0 - 0 1 000% 0 0 - 12 15  80,00%
Benjamin John Better Way 15 16  9375% 1 1 10000% 2 5 4000% 0 1  000% 0 0 y 0 0 . 18 23 7826%
The Wrong'uns Rothko 4 5 80,00% 1 1 10000% 3 5 6000% 0 0 - 0 0 - 0 0 - 8 11 72,73%
Ben Carrigan X"lﬂgjgh‘?bo‘“ U 4 7857% 1 1 10000% 1 1 10000% 1 3 3333% 6 9  6667% 0 1 000% 20 29 6897%
Finlay Same Kind of Life 4 7  57,14% 1 1 100,00 3 3 10000% 1 3 3333% 0 0 y 0 0 . 9 14 64,29%
BaumXmedia Koishii 5 5 100,00% 2 2 100,00% 0 0 - 29 2222% 3 3 10000% 0 0 . 12 19  63,16%
David Tyo gi";r Ebb But 9 11 81,82% 1 1 100,006 S5 10 5000% O 2 000% 0 O - 0 0 - 15 24  62,50%
Eduard Semenov &}Kletre"élTo Efn 3 3 10000% 1 1 100,000 1 2  50,00% O - 0 0 - 0 2 000% 5 8 62,50%
Ted Behrman Convertible 9 9 100,006 1 2 5000% 1 3 3333% 0 4 000% 0 0 y 0 0 . 11 18 6L11%
David Tyo ILtf)VSe"fszy to 7 8571% 0 0 - 3 6 5000% 0 1 000% 0 1 000% 0 0 - 9 15 60,00%
Angelo Boltini This Town 14 15 9333% 2 2 100,00% S5 12 4167% 0 6  000% S5 8 6250% 0 0 - 26 43 60,47%
Drumtracks Ghost Bitch 5 10 5000% 0 1  000% 0 0 - 2 2 100,00% 1 1 100,004 0 0 . 8 14 57,14%
Al James Ezks‘fl‘r’lg’tfoyn 10 15 6667% 1 1 1000066 1 4 2500% O 2  000% 1 1 10000% O O - 13 23 5652%
Trick Bird Window 7 9  7778% 0 2 000% 3 6 5000% 0 0 - 0 0 - 0 0 - 10 17 5882%
Ben Carrigan Hey Carrie Anne 4 6 6667% 2 2 10000% O 2  000% 1 1 100,00% 3 8 3750% 0 0 . 10 19  52,63%
Strobe Maya 10 11 9091% 1 2 5000% 0 4 000% 0 5 000% 0 0 . 0 0 . 11 22 50,00%
ﬁ‘ﬁigs:;f Mark (TFhlfH];:nghSh Actor s g 7143% 0 1 000% 1 3 3333% 2 6 3333% 0 0 - 0 0 - 8 17  47,06%
Numbers of S“CTCre;cslf‘sﬂ Tracks/Total 55 g5 19 25 48 90 11 48 20 33 0 3 253 384
Averages $3,78% 76,00% 53,33% 22,92% 60,61% 0,00% 65,89%
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Table B.2: The multitrack projects and their success rates for the Rock genre.

Artist/Band Track Name Drums & Percussions Bass Guitars Keyboards Strings Wind Total %
Imp Act The Island of Alsocanla 6 6 100,00% 2 2 100,00% 4 4  100,00% 0 0 - 0 0 0 0 12 12 100,00%
Blue Lit Moon Dad's Glad 6 7 8571% 1 1 10000% 2 2 100,00 0 0 - 0 0 0 0 9 10  90,00%
Candlebox Happy Pills 10 10 100,00% 2 3 6667% 1 2  5000% 0 0 - 0 0 0 0 13 15  86,67%
Complainiacs Etc 5 7 7143% 2 2 10000% 2 2 100,006 0 0 - 0 0 0 0 9 11  81,82%
Decypher Unseen 9  100,00% 6 6 100,00% 7 12 5833% 0 0 - 0 0 0 0 22 27 8148%
Bobby Nobody Stitch Up 7 100,00% 2 2 100,00% 1 4  2500% 0 0 - 0 0 0 0 10 13 7692%
Forkupines ;‘(’)Z‘;ffﬁg;i irre 19 21 9048% 1 2 5000% 3 6 5000% 0O 1 000% 0 0 0 0 23 30 76,67%
The Black Crown Flames 11 13 8462% 1 2 5000% 3 5 6000% O O - 0 0 0 0 15 20  75,00%
All Hands Lost Ambitions 11 12 91,67% 2 2 100,00% O 4 000% 0 0 - 0 0 0 0 13 18 72,22%
Angels In Amplifiers  I’'m Alright 3 5 6000% 1 1 100,004 3 3 100,00 0 1 000% 0 O 0 0 7 10 70,00%
Candlebox Surrendering 8 10 80,0046 3 3 10000% 2 6 3333% 0 0 - 0 0 0 0 13 19 68,42%
Louis Cressy Band Good Time 9 14 6429% 1 1 100,00% 3 3  100,00% O 1 000% 0 O 0 0 13 19 68,42%
Bill Chudziak Children Of No-one 10 10 10000% O 1 000% 3 5 60,00% 1 5 2000% 0 0 0 0 14 21 66,67%
The Apprehended Still Flyin 9 9  100,00% 1 1 10000% 6 10 6000% O 5 000% 0 0 0 0 16 25  64,00%
Ale Lak ggsgzizﬁ‘rmdo Deixou 5 6 8333% 1 1 10000% 9 17 5294% 0 0 - 0 0 0 0 15 24 62,50%
Cnoc An Tursa Bannockburn 13 16 8125% 0 2 000% 5 12 4167% 0 1 000% 0 0 0 0 18 31 58,06%
The Black Crown Cage 7 11 6364% 2 3 6667% 4 9  4444% 0 1 000% O 0 0 0 13 24 5417%
Death of a Romantic ~ The Well 5 8 6250% 1 2 5000% 4 8 5000% O 1 000% O 0 0 0 10 19  52,63%
Jet B Suit You 6 9  6667% 1 1 100,00% 0 2 000% 0 2 000% 0 0 0 0 7 14 50,00%
DarkRide Dead Enemies 6 10 60,00% 1 1 100,00% 0 5 0,00% 0 0 - 0 0 0 0 16 43,75%
Numbers of Successful Tracks / Total Tracks 165 200 31 39 62 121 1 18 0 0 0 0 259 378
Averages 82,50% 79,49% 51,24% 5,56% 68,52%

84



Table B.3: The multitrack projects and their success rates for the Jazz genre.

Artist/Band Track Name Drums & Percussions Bass Guitars Keyboards Strings Wind Total %
H-owl Project If I Were A Bell 8 8 10000% 1 1 10000% 0 O - 0 I 000% 0 0 - 0 0 - 9 10  90,00%
Lorenzo Price Changing Things 12 12 100,00% 1 1 100,00% 1 2 5000% O 1 000% 0 0 - 0 0 - 14 16 87,50%
Patrick Talbot Upper Hand 13 13 100,00% 1 1 100,00% 3 3 10000% O 2 000% 0 0 - 0 1 000% 17 20 8500%
Jesper Buhl Trio gg;f‘et dISLZS;S Thing 4 4 10000% O 1 000% 0 0 - 1 1 100,00% 0 0 - 0 0 - 56 8333%
IL)(‘)I(‘)‘;eon The Queens Light 10 10 100,00% 1 1 100,00 0 0 - 3 6 5000% 0 0 - 0 0 - 14 17  8235%
Patrick Talbot Blue 9 11 81,82% 1 1 10000% 2 2 100,00% O 1 000% 0 0 - 0 0 - 12 15  80,00%
Patrick Talbot A Reason to Leave 14 17 8235% 0 1 000% 3 4 7500% 2 2 100,00% 0 0 - 0 0 - 19 24 79,17%
Patrick Talbot Fool 6 8 7500% 1 1 10000% 2 3 6667% 1 1 10000% 0 0 - 0 0 - 10 13 7692%
gii‘t‘;m Pagnutti g 9 9 10000% 1 2 5000% 0 O - 0 2 000% 0 0 - 2 3 6667% 12 16 7500%
g’i‘;‘g‘flo Pagnutti éh”lghe GinlsGone g 9 10000% 2 2 10000% 0 0 - 0 2 000% 0 0 - 1 3 3333% 12 16 7500%
Araujo (T:}r‘;bsfgag;;fSHamson s 7 7143% 1 1 100,00% 2 2 100,006 O 1 000% 0 0 - 0 0 - 8 11 72,73%
Alejo Granados Rumba Chonta 8 9 888% 1 2 5000% 1 1 100,00% 0O 0 - 0 0 - 36 5000% 13 18 72.22%
Eddie Garrido Aftica 5 5 10000% 1 1 100,00% 1 2 5000% 1 2 50,00% 0 1 000% 2 3 6667% 10 14 71,43%
Eddie Garrido Scarlett 9 12 7500% 3 3 100,00% 1 1 100,00% 1 5 2000% 2 2 100,00% 0 0 - 16 23 69,57%
Patrick Talbot Set Me Free 8 10 8000% 0 1  000% 1 3 3333% 1 1 10000% 0 0 - 0 1 000% 10 16 62,50%
Eddie Garrido 5th Floor 3 4 7500% 1 1 10000% 0 1 000% 1 4 2500% 0 0 - 0 0 - 5 10 50,00%
Pawel Maciwoda 1 Of The First 9 11 81,82% 1 3 3333% 1 3 3333% 0 1 000% 0 0 - 2 12 1667% 13 30  4333%
gz’rllfj“’nes Big Song of India 4 9 4444% 1 2 5000% O 1 000% I 2 5000% 0 O - 1 6 1667% 7 20 3500%
g;’lllztones Big Corine Corine 5 8 6250% 0 2 000% O 1 000% 0 2 000% 0 0 - 0 6 000% 5 19 2632%
ggﬁy Hip Big The Opener 3 3 100,00% 1 1 100,006 O 1 000% 0 1 000% 0 0 - 0 13 000% 4 19 21,05%

Numbers of S“CTCr";sli‘l Tracks / Total 150 176 18 28 18 29 12 37 2 3 11 41 211 314

Averages 85,23% 64,29% 62,07% 32,43% 66,67% 26,83% 67,20%
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Table B.4: The multitrack projects and their success rates for the Electronic/Dance genre.

Artist/Band Track Name Drums & Percussions Bass Guitars Keyboards Strings Wind Total %
Galias Horizon 8 8 100,00% 2 2 100,00% 0 O - 0 3 0,00% 0 0 0o 0 10 13 76,92%
AM Contra Heart Peripheral 5 5 100,00% 1 1 100,00% 0 O - 0 2 0,00% 0o 0 0 0 6 8 75,00%
Albert Kader Ubiquitous 7 7 100,00% 1 1 100,00% 0 O - 0 3 0,00% 0 0 0 0 8 11 72,73%
Mustafa Albazy Shela Ya Marhaba 17 21 80,95% 1 1 100,00% 3 5 60,00% 4 8 50,0000 0 O 0 0 25 35 71,43%
Babe Grand Aiguille Rouge 14 18 77,78% 1 1 100,00% 0 O - 1 4 2500% 0 0 0o 0 16 23 69,57%
c:fx Mathematician 7 8 87,50% 2 2 100,00% 0 O - 2 6 3333% 0 0 0 0 11 16 68,75%
Babe Grand King Of The Weekend 9 12 75,00% 1 1 100,00% 0 O - 0 2 0,00% 0 0 0 0 10 15 66,67%
APZX Transcention 10 12 83,33% 0 1 0,00% 0 0 - 0 3 0,00% 0 0 0 0 10 16 62,50%
Albert Kader Whiptails 8 8 100,00% O 2 0,00% 0 O - 0 3 0,00% 0 0 0 0 13 61,54%
Ian Dearden Terania Creek Walking 8 75,00% 0 1 0,00% 0 0 - 1 3 3333% 0 0 0 0 7 12 58,33%
JOK3R SeptemberTrance 8 75,00% 2 2 100,00% 0 O - 2 8 2500% 0 0 0o 0 10 18 55,56%
Mustafa Albazy Tgheer 15 15 100,00% 1 2 50,0000 0 O - 1 15 6,67% 0 0 0 0 17 32 53,13%
APZX Lacuna 12 12 100,00% 1 2 50,0000 0 O - 0 11 0,00% 0 0 0 0 13 25 52,00%
Skelpolu ?Frl‘l‘l’l‘;‘al"us Weeping 5 5 10000% 0 1 000% 1 1 100,00% 0 5 000% 0 0 0 0 6 12 50,00%
IP Lantieri Chardonnay Mystik 6 6 10000% 0 1 000% 0 0 - 0 6 000% 0 0 0 0 6 13 46.15%
Skelpolu Entwine 100,00% O 2 0,00% 0 0 - 2 7 28,57% 0 0 0o 0 6 13 46,15%
JP Lantieri Chardonnay 66,67% 1 2 50,0000 0 O - 0 4 0,00% 0 0 0o 0 5 12 41,67%
Nervbloc Slapback 10 11 90,91% 2 7 2857% 0 0 - 0 9 0,00% 0 0 0 0 12 27 44,44%
Skelpolu Cold Strive 5 5 100,00% 1 2 50,0000 0 O - 0 8 0,00% 0 0 0 0 15 40,00%
Aron Jaeger Fly High 8 10 80,00% 1 1 100,00% 0 O - 0 12 0,00% 0 0 0o 0 9 23 39,13%

Numbers of Successful Tracks / Total Tracks 166 189 18 35 4 6 13 122 0 0 0 0 210 352
Averages 87,83% 51,43% 66,67% 10,66% 57,10%
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APPENDIX C: Instrument family predictions of audio files for each multitrack project in the genres.

Table C.1: Instrument family predictions of audio files for each multitrack project in the Pop genre.

Project Instrument Families/Classes
Names  pryms & Percussions Bass Guitars Keyboards Strings Wind
10_ElecGtr1Micl.wav
01 Kick.wav 11_ElecGtrlMic2.wav

It Was My Fault for Waiting

Oh Life

Long Way Home

02_KickSub.wav
03_SnareUp.wav
04_SnareDown.wav
05_Tom.wav
06_Overheads.wav
07_DrumsRoomMono.wav
08_DrumsRoomStereo.wav

09 BassBl.wav

01 Kick.wav
02_SnareUp.wav
03_SnareDown.wav
04_Toml.wav
06_OverheadMono.wav
07_OverheadsStereo.wav
08_DrumsRoom.wav
09_CymbalRolls.wav
10_Tambourine.wav

05_Tom2.wav
12_Bass.wav

01_Kick.wav
02_SnareUp.wav
03_SnareDown.wav
04_Toml.wav
05_Tom2.wav
06_Overheads.wav
08_Tambourine.wav

09 _Bass.wav

13_ElecGtr2Micl.wav
14_ElecGtr2Mic2.wav
15_ElecGtr2MicDLwav
16_ElecGtr3Micl.wav
17_ElecGtr3Mic2.wav
18_ElecGtr3DIl.wav
19_ElecGtr4Micl.wav
20_ElecGtr4Mic2.wav
21_ElecGtr4DI.wav

11_AcousticGtr.wav
14_ElecGtrl.wav
15_ElecGtr2.wav

10_AcousticGtrl.wav
11_AcousticGtr2.wav
13_ElecGtr2.wav
14_ElecGtr3.wav

12_ElecGtr1DIL.wav

16_ElecGtr3.wav

13_Piano.wav 17_Strings.wav

12_ElecGtrl.wav

15_Piano.wav 16_Organ.wav
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Table C.1 (continued): Instrument family predictions of audio files for each multitrack project in the Pop genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards

Strings

Wind

Rescue Me

Better Way

Chamber.wav
Drums-Hat.wav
Drums-Kick in.wav
Drums-Kick Out.wav
Drums-Overhead.wav
Drums-Ride.wav
Drums-Snare Bottom.wav
Drums-Snare Top.wav
Drums-Toml.wav
Drums-Tom2.wav
Mandolin-DIL.wav
Mandolin-Mic.wav
Room.wav

02_KickAmb.wav
03_SnareCymbals.wav
04_Tambourine.wav
05_TambourineAmb.wav
06_Shaker.wav
07_FingerClicks1l.wav
08_FingerClicks2.wav
09_FingerClicks3.wav
10_FingerClicks4.wav
11_Clapsl.wav
12_Claps2.wav
13_Claps3.wav
14_Claps4.wav
15_Claps5.wav
16_Claps6.wav
18_Guitalele.wav (ukulele)
19_AcousticGtr.wav

Bass-DIL.wav

01_Kick.wav
17 Bass.wav

Guitar.wav

20_ElecGtrl.wav
22 ElecGtr3.wav
23_Piano.wav

av

21 _ElecGtr2.wav
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Table C.1 (continued): Instrument family predictions of audio files for each multitrack project in the Pop genre.

Instrument Families/Classes

Project
Names  Dryms & Percussions Bass Guitars Keyboards Strings Wind
4 03_Tom.wav
] —
= 0L I o 07_AcGtrl.wav 10_ElecGtr2.wav
= 02_Snare.wav 06_Bass.wav
S 08_AcGtr2.wav 11_ElecGtr3.wav
~ 04 Overheads.wav — -

Well Talk About It All Tonight

Same Kind of Life

Koishii

05 DrumsRoom.wav

01_Kick.wav
04_SnareSamplel.wav
05_SnareSample2.wav
06_HiHat.wav
07_Cymbal.wav
08_CymbalSamplel.wav
09_CymbalSample2.wav
10_DrumsRoom.wav
11_Shaker.wav
12_Tambourine.wav
13_Hand Claps.wav

29 Harmonica.wav

01 Kick.wav
02_KickSample.wav
03_SnareSample.wav
07_Cymbal.wav

01_Kick.wav
02_Snare.wav

03 HiHat.wav
04_Claps.wav
05_ReverseCymbal.wav
12_Piano2.wav
13_Synthl.wav

02_KickSample.wa
v
14 Bass.wav

04_Toml.wav
05_Tom2.wav
06_Tom3.wav
08_Bass.wav

06_Bassl.wav
07_Bass2.wav

09_ElecGtrl.wav

03_Snare.wav
15_AcousticGtr.wav

21 Violin2.wav
27_ViolaSamples.wav
28 CelloSamplesl.wav

17_Organ.wav

09_ElecGtrl.wav
10_ElecGtr2.wav
11_ElecGtr3.wav

12_Pianol.wav

15_Synth3.wav
18_Synth6.wav

16_Piano.wav
18_PianoSFX.wav
20_Violinl.wav

22 Viola.wav
23_Cello.wav
24_StringsMix.wav
25_StringsTunedMix.w
av
26_ViolinSamples.wav

14_Organ.wav

08_Strings1.wav
09_Strings2.wav
10_Strings3.wav
16_Synth4.wav

19_Glockenspiel.wav

13_Piano2.wav

11 _Pianol.wav
14_Synth2.wav
17_Synth5.wav
19_Synth7.wav
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Table C.1 (continued): Instrument family predictions of audio files for each multitrack project in the Pop genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards Strings

Wind

Never Ebb But Flow

River of The
White Gloom

Convertible

01_KickIn.wav
02_SnareUp.wav
03_SnareDown.wav
06_HiHat.wav
07_Overheads.wav
08_Cymbals.wav
09_CymbalRolls.wav
10_Tambourine.wav
17_ElecGtr2.wav
19_ElecGtr3.wav

22 ElecGtr6.wav

24 SFX.wav

01_CajonMicl.wav
02_CajonMic2.wav
03_Shaker.wav
07_Trumpet.wav

01 Kickl.wav
02_Kick2.wav
03_Snarel.wav
04_Snare2.wav
05_HiHatl.wav
06_HiHat2.wav
07_DrumFills.wav
08_Crashl.wav
09_Crash2.wav
11 Bass2.wav
12_Synthl.wav
14_Synth3.wav
15_Synth4.wav

04_Toml.wav
11_Bass.wav

04 Bass.wav
05_AcGtr.wav

10_Bassl.wav

12_Piano.wav
13_AcousticGtr.wav
15_ElecGtrl.wav
16_ElecGtr1DT.wav
21 ElecGtr5.wav
23_ElecGtr6DT.wav

06_AcGtrDL.wav

16_ElecGtrl.wav

14_Synth.wav
18_ElecGtr2DT.wav
20_ElecGtr4.wav

08 MIDITrumpet.wav

13_Synth2.wav

17_ElecGtr2.wav 18 ElecGtr3.wav

05_Tom2.wav
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Table C.1 (continued): Instrument family predictions of audio files for each multitrack project in the Pop genre.

Project Instrument Families/Classes
Names Drums & Percussions Bass Guitars Keyboards Strings Wind

E 02_KickRoom.wav

0 03 iicad way 09_AcousticGtrl.wav

2 04_Cymbals.wav 01 Ki — .

S _Kick.wav 10_AcousticGtr2.wav . .
05_Snaps.wav . 13_Banjol.wav 11_AcousticGtr3.wav

Q . 08_Cello.wav 12_AcousticGtrd.wav

> 06_Tambourine.wav 15 Piano.way

< 07_Shaker.wav = ;

“; 14 _Banjo2.wav

%]

3
01 Kick.wav
02_KickSide.wav
03_Snare.wav
04_Toml.wav
05_Tom2.wav 13_Tambourinel.wav
06_Ride.wav 18_AcGtrlMicl.wav
07_Overheads.wav 24 ElecGtrl.wav
08_DrumsPZM.wav 20_AcGtrlMic3.wav 26_ElecGtr3.wav
09 _DrumsWurstMic.wav 21_AcGtr2Micl.wav 27 ElecGtrd.wav

§ 10_DrumsRoom.wav 16 BassAmp. way 23_AcGtr2Mic3.wav 37_Strings MicPairl.wav

2 11_DrumsRoomMono.wav —DAasSAMP. 25_ElecGtr2.wav 40_Strings SectionMic_VInl.

17_BassDIL.wav 31_Synthl.wav

.2 12_DrumsRoomMonoFX.wav 35 SynthSEX1.wav 28_ElecGtr5.wav wav -

£ 14_Tambourine2.wav Y ’ 34_Synth4.wav 41_Strings_SectionMic_VIn2.
15_Tambourine3.wav 39 Strings MicPair3.wav wav
19_AcGtrlMic2.wav 43 _Strings_SectionMic_Cello.wav 42_Strings_SectionMic_Vla.w
22 AcGtr2Mic2.wav av
29 ElecGtr6.wav 44 Strings CellosCloseMic.w
30_Piano.wav av

32_Synth2.wav
33_Synth3.wav
36_SynthSFX2.wav
38_Strings MicPair2.wav
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Table C.1 (continued): Instrument family predictions of audio files for each multitrack project in the Pop genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards

Strings Wind

Ghost Bitch

Schoolboy Fascination

Window

02_SnareUp.wav
03_SnareDown.wav
04 HiHat.wav
09_Overheads.wav
10_DrumsRoom.wav
11_Bass.wav

02_Snarel.wav
03_Snare2.wav
04_Snare3.wav
05_Claps.wav
06_Hat.wav
07_Cymball.wav
08_Cymbal2.wav

09 Ridel.wav

10 _Ride2.wav
15_Tambourine.wav
18_AcousticGtr.wav
20_ElecGtr2.wav

01_Kick.wav
02_HiHat.wav
03_Snare.wav
04_Tambourine.wav
05_Tom.wav
06_Cymbal.wav
07_Clap.wav
14_ElecGtr05.wav

01_Kick.wav
06_Tom2.wav
08_Tom4.wav

01_Kick.wav
11_Toml.wav
13_Tom3.wav
14 _Tom4.wav
16_Bass.wav

05_Toml.wav

12_Tom2.wav
17_Piano.wav

21 ElecGtr3.wav
23 Pad.wav

10_ElecGtr01.wav
11_ElecGtr02.wav
13_ElecGtr04.wav
16_SFX1.wav

12_Pianol.wav
13 _Piano2.wav

09 _BassDL.wav

07_Tom3.wav
14_Strings.wav

19_ElecGtrl.wav
22 Strings.wav

08_BassMic.wav
12_ElecGtr03.wav

15_ElecGtr06.wav
17_SFX2.wav
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Table C.1 (continued): Instrument family predictions of audio files for each multitrack project in the Pop genre.

Project

Names

Drums & Percussions Bass

Instrument Families/Classes

Guitars Keyboards

Strings

Wind

Maya Hey Carrie Anne

The English Actor

01_Snare.wav
02_Shaker.wav
03_Tambo.wav
05_Cymbal.wav
11_Cello.wav
13_ViolinSamples.wav
18_ElecGtr.wav
19_ElecGtr.wav

16_DoubleBassSam
plesl.wav
17_DoubleBassSam
ples2.wav

01_Kick.wav
02_Snare.wav

03 _HiHat.wav
04_Toml.wav
05_Tom2.wav
06_Tambourine.wav
07_Shakers.wav
08_Cymbal.wav
09_SFX1.wav

11 _Rain.wav
12_Bassl.wav
16_ElecGtrDI2.wav
19_Synth2.wav
21_Synth4.wav
22_Synth5.wav

13_Bass2.wav

03_SnareDown.wav
04 HiHat.wav
05_Overheads.wav
06_DrumsRoom.wav
07_Toms.wav
08_Bass.wav
09_SynthPadl.wav
15_ElecGtrl.wav
16_ElecGtr2.wav

01 Kick.wav

06_Piano.wav

15_CelloSampigiav 07_Glockenspiel.wav

10_SFX2.wav
18 _Synthl.wav

14_ElecGtrDIl.wav
17_ElecGtrDI2DT.wav

02_SnareUp.wav
17_ElecGtr3.wav

10_SynthPad2.wav
13_SynthFX1.wav

04_Timp.wav
08_Violinl.wav
10_Viola.wav
12_StringsMix.wav

11_SynthFuzz.wav
12_SynthlLead.wav

09_Violin2.wav
14_ViolaSamples.wav

15_ElecGtrDI1DT.wav
20_Synth3.wav

14_SynthFX2.wav

93



Table C.2: Instrument family predictions of audio files for each multitrack project in the Rock genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards

Strings

Wind

The Island of
Alsocanla

Dad's Glad

Happy Pills

01 Kick.wav
02_SnareUp.wav
03_SnareDown.wav
04_Toml.wav
05_Tom2.wav
06_Overheads.wav

01 Kick.wav
03_Overheads.wav
04_Toml.wav
05_Tom2.wav
06_Tom3.wav
07_Tom4.wav

Drums-Floor 2-M81.wav
Drums-Floor-M81.wav
Drums-Hat-M60.wav
Drums-Kick In-M82.wav
Drums-Kick Out-647.wav
Drums-Over-TF51.wav
Drums-Rack Tom-M81.wav
Drums-Room-M60.wav
Drums-Snare Bot-M81.wav
Drums-Snare-M80.wav
ELE Guitar2 Dis-M81.wav

07_BassAmp.wav
08_BassDI.wav

08 Bass.wav

Bass-Active DL.wav
Bass-Amp-U47.wav

09_ElecGtrl.wav
10_ElecGtr1DT.wav
11_ElecGtr2Micl.wav
12_ElecGtr2Mic2.wav

02_Snare.wav
09_AcousticGtrl.wav
10_AcousticGtr2.wav

ELE GTR1 Dis-M80.wav

Bass-Amp-M80.wav
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Table C.2 (continued): Instrument family predictions of audio files for each multitrack project in the Rock genre.

Project Instrument Families/Classes
Names Drums & Percussions Bass Guitars Keyboards Strings Wind
R 01 _Kick.wav
= 02_Snare.wav 04_DrumRoom.wav
% 03_Overheads.wav ggigzzziiﬁwav\;av 10_ElecGtrl.wav 07_Tom3.wav
0 05_Toml.wav - p- 11_ElecGtr2.wav
06 _Tom2.wav
01 Kick.wav
02_KickTrigger.wav 17_ElecGtr01Micl.wav
03_Snare.wav 10_Bass1DIL.wav 18 ElecGir0 1 Mic2 way
04_SnareTrigger.wav 11 _BasslMicl.wav — . 16_ElecGtr01DI.wav
5 . 20_ElecGtr01DTMicl.wav
o1 05_Toml.wav 12_BasslMic2.wav . 19_ElecGtr01DTDILwav
] = - 21_ElecGtr01DTMic2.wav -
iy 06_Tom2.wav 13_Bass2DIL.wav = . 22 _ElecGtr02DL.wav
=) - - . 23 ElecGtr02DIMicl.wav -
07_Tom3.wav 14 Bass2Micl.wav - . 25 ElecGtr02DTDI.wav
- - . 24 ElecGtr02DIMic2.wav -
08_Tom4.wav 15_Bass2Mic2.wav — .
— = 26_ElecGtr02DTMicl.wav
09_Overheads.wav -
27_ElecGtr02DTMic2.wav
01_KickIn.wav
02_KickOut.wav
o 03_SnareUp.wav
=) 04_SnareDown.wav 08_BassDI.wav
§ 05_Overheads.wav 09_BassCab.wav 12_ElecGtr3.wav
= 06_Room.wav 13_ElecGtr4.wav

07_LoTom.wav
10_ElecGtrl.wav
11_ElecGtr2.wav

95



Table C.2 (continued): Instrument family predictions of audio files for each multitrack project in the Rock genre.

Project

Names

Drums & Percussions

Instrument Families/Classes

Bass Guitars Keyboards

Strings

Wind

Sleep by The Fire Bloom in Water

Flames

01_KickIn.wav
03_KickTrigger.wav
05_KickSampleRoom.wav
06_SnareUpl.wav
07_SnareUp2.wav
08_SnareDown.wav
09_SnareTrigger.wav
10_SnareSamplel.wav
11_SnareSampleRoom1.wav
12_SnareSample2.wav
13_HiHat.wav

14 _Ride.wav

15_Toml.wav
16_Tom2.wav
17_Overheads.wav
18_DrumsSquashMic.wav
19_DrumsRoomClosel.wav
20_DrumsRoomClose2.wav
21 DrumsRoomFar.wav

24 Synth.wav
30_ElecGtr3Mic2.wav

01 KickInMicl.wav
02_KickInMic2.wav
03_KickOut.wav
04_SnarelUp.wav
05_Snarel Down.wav
06_Snare2Up.wav
07_Snare2Room.wav
08_HiHat.wav
11_Overheads.wav
12_DrumsRoomStereo.wav
13_DrumsRoomMono.wav

02_KickOut.wav

23_BassSansamp.wav

25_ElecGtrlMicl.wav 27 ElecGtr2Mcl.wav
26_ElecGtr1Mic2.wav

29 ElecGtr3Micl.wav

04 KickSample.wav
22 BassDL.wav

15 BassAmp.wav

16_ElecGtrl Amp.wav 17_ElecGtr1DIl.wav
18_ElecGtr1DTAmp.wav 19 _ElecGtr1DTDL.wav
20_ElecGtr2.wav

09 _Toml.wav
10_Tom2.wav
14 _BassDIL.wav

28 ElecGtr2Mic2.wav
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Table C.2 (continued): Instrument family predictions of audio files for each multitrack project in the Rock genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards

Strings

Wind

Ambitions(full)

(full)

I’ m Alright

Surrendering

Drum Room.wav
Guitar 1.wav
Guitar 2.wav
Guitar 3.wav
Guitar 4.wav
Hi-Hat.wav

Kick Drum.wav
Overhead Left.wav
Overhead Right.wav
Ride.wav

Snare Bottom.wav
Snare Top.wav
Tom 1.wav

Tom 2.wav

Tom 4.wav

01 Kick.wav
02_Snare.wav
03_Overheads.wav

Drums-Floor 2-M81.wav
Drums-Floor-M81.wav
Drums-Hat-M60.wav
Drums-Over-TF51.wav
Drums-Rack Tom-M81.wav
Drums-Room-M60.wav
Drums-Snare Bot-M81.wav
Drums-Snare-M80.wav
ELE Guitar2 Dis-M81.wav

Bass DL.wav
Bass Mic.wav

06_Bass.wav

Bass-Active DI.wav
Bass-Amp-M80.wav
Bass-Amp-U47.wav

04_Toms.wav
05_Percussion.wav
07_Piano.wav
08_ElecGtr.wav
09_AcGtrl.wav

10 AcGtr2.wav

Drums-Kick In-M82.wav
ELE GTRI1 Dis-M80.wav
ELE Guitar2 Clean-TF29.wav

Tom 3.wav

Drums-Kick Out-647.wav

ELE Guitarl Clean-M80.wav
ELE Guitarl Clean-TF47.wav
ELE Guitar2 Clean-M80.wav
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Table C.2 (continued): Instrument family predictions of audio files for each multitrack project in the Rock genre.

Project Instrument Families/Classes
Names Drums & Percussions Bass Guitars Keyboards Strings Wind
01_KickIn.wav
02_KickOut.wav
o 04 HiHat.wav 03_KickSub.wav
g = — 06_SnareDown.wav
R 05_SnareUp.wav 08_Toml.wav
= - = 16_ElecGtrl.wav
= 07_Overheads.wav 09_Tom2.wav -
3 . 17_ElecGtr2.wav
3 11_DrumsAmbiencel.wav 10_Tom3.wav -
&) - = 18_ElecGtr4.wav

Children Of No-one
(full)

Still Flyin (full)

12_DrumsAmbience2.wav
13_DrumsAmbience3.wav
14 Rainstick.wav

19 Hammond.wav

01 Kick.wav
02_SnareUp.wav
03_SnareDown.wav
04 HiHat.wav
05_Toml.wav
06_Tom2.wav
07_Tom3.wav
08_Overheads.wav
09 _Rooml.wav
10_Room2.wav
13_ElecGtr2.wav
16_ElecGtr5.wav

18 Hammond.wav

01 Kick.wav
02_SnareUp.wav
03_SnareDown.wav
04 HiHat.wav
05_Toml.wav
06_Tom2.wav
07_ChinaCymbal.wav
08_Overheads.wav
09_DrumsRoom.wav
22 Synth2.wav

15_Bass.wav

10_Bass.wav

12_ElecGtrl.wav
14_ElecGtr3.wav
15_ElecGtr4.wav
19_SFXPadl.wav

11_ElecGtr01.wav
12_ElecGtr02.wav
14_ElecGtr04DI.wav
17_ElecGtr07.wav
18_ElecGtr08.wav
19_ElecGtr09.wav
25 Piano.wav

21_SFXPad3.wav

13_ElecGtr03DIL.wav
16_ElecGtr06.wav

11_Bass.wav

17_Wourlitzer.wav 20_SFXPad2.wav

20_ElecGtrl0.wav
21_Synthl.wav
23_Synth3.wav
24 _Synth4.wav

15_ElecGtr05DI.wav

98



Table C.2 (continued): Instrument family predictions of audio files for each multitrack project in the Rock genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards Strings Wind

Nosso Mundo Deixou De
Existir (full)

Bannockburn

01_Kick.wav
02_Snare.wav

03 HiHat.wav
05_Overheads.wav
06_DrumsRoom.wav
13_ElecGtr02DI.wav
15_ElecGtr02DTDILwav
17_ElecGtr03Amp2.wav
22 ElecGtr04DTDIL.wav

01_Kickl.wav

02 Kick2.wav
03_SnareUp.wav
04_SnareDown.wav
05_SnareSample.wav
06_HiHat.wav
07_Ride.wav
08_Overheads.wav

09 DrumsRooml.wav
10_DrumsRoom?2.wav
11_Toml.wav
13_Tom2.wav
15_Tom3.wav
17_BassDI.wav
18_BassAmp.wav
20_ElecGtrlMicl.wav
23_ElecGtr2Micl.wav
29 ElecGtr4Micl.wav

04_Toms.wav
07_Bass.wav

12_TomlSample.wav
14 _Tome2Sample.wav
16_Tom3Sample.wav

08_ElecGtr01.wav
10_ElecGtr01DT.wav
12_ElecGtr02.wav
14_ElecGtr02DT.wav
16_ElecGtr03Ampl.wav
18_ElecGtr03DI.wav
19_ElecGtr04.wav

21 ElecGtr04DT.wav
23_ElecGtr05.wav

21 ElecGtrlMic2.wav
24 ElecGtr2Mic2.wav
26_ElecGtr3Micl.wav
27_ElecGtr3Mic2.wav
30_ElecGtr4Mic2.wav

09_ElecGtr01DI.wav

11_ElecGtr01DTDI. 24 ElecGtr05DI.wa
wav v
20_ElecGtr04DI.wav

19 _ElecGtr1DIl.wav
22 ElecGtr2DI.wav
25 ElecGtr3DIl.wav
28 _ElecGtr4DI.wav
31_SynthChoir.wav
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Table C.2 (continued): Instrument family predictions of audio files for each multitrack project in the Rock genre.

Project Instrument Families/Classes
Names Drums & Percussions Bass Guitars Keyboards Strings Wind
01_Kick.wav
02_Snare.wav
06_HiHat.wav
= 07_Ride.wav 03_Toml.wav 18_ElecGtr2.wav 11_SFX.wav
£ 08_Overheads.wav 04_Tom2.wav 22 _ElecGtr4.wav 05 Tom3.wav 15_Synth.wav
% 09_DrumsRoomMono.wav 12_BassAmp.wav 23 ElecGtr5.wav - ' 16_ElecGtrl.wav
O 10_DrumsRoomStereo.wav 13_BassDIL.wav 24 ElecGtr5DT.wav 17_ElecGtr1DT.wav
14 _BassFX.wav
19_ElecGtr2DT.wav
20_ElecGtr3.wav
21 ElecGtr3DT.wav
01_Kick.wav
g 03_SnareUp.wav 05_SnareSample.wav
04_SnareDown.wav .
—= 02_KickSample.wav 13_ElecGtr02.wav
= 06_Overheads.wav 12_ElecGtr01DIL.wav
) ) 07_TomISample.wav 15_ElecGtr03.wav 14 ElecGtr02DI 17_ElecGtr04.wav
= 08_Tom2Sample.wav 09_BassDL.wav 16_ElecGtr03DL.wav —hectr wav
2 10_BassFX.wav 18_ElecGtr04DIL.wav
= 11_ElecGtr01.wav - ’
19_Synth.wav
01_Kick.wav
02_Snare.wav
03 HiHat.wav
2 04_Overheads.wav
> 05 DrumsRoom.wav 06 Toml.wav
2 09 Tomd.wav 10_Bass.wav 07_Tom2.wav 08_Tom3.wav
[75]

11_ElecGtr01l.wav
12_ElecGtr02.wav
13_Piano.wav

14_Piano render 002.wav
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Table C.2 (continued): Instrument family predictions of audio files for each multitrack project in the Rock genre.

Project Instrument Families/Classes
Names Drums & Percussions Bass Guitars Keyboards Strings Wind
01_KickMicl.wav
02_KickMic2.wav
03_KickSample.wav
8 06_SnareDown.wav
% 09_Overheads.wav 04_SnareUpMicl.wav
s 10_DrumsRoom.wav 11 _Bass.wav 05_SnareUpMic2.wav 08_Tom.wav
B 12_ElecGtr01l.wav 07_SnareSample.wav
A 13_ElecGtr01DT.wav

14_ElecGtr02.wav
15_ElecGtr03.wav
16_ElecGtr04.wav
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Table C.3: Instrument family predictions of audio files for each multitrack project in the Jazz genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars Keyboards

Strings

Wind

If I Were A Bell

Changing Things (full)

Upper Hand

01_KickMicl.wav
02_KickMic2.wav
03_Snare.wav

04 HiHat.wav
05_Toml.wav
06_Tom2.wav
07_Overheads.wav
08_DrumsRoom.wav

01 KickMicl.wav
02_KickMic2.wav
03_SnareUp.wav
04_SnareDown.wav
05 _Toml.wav
06_Tom2.wav
07_Tom3.wav

08 HiHat.wav

09 Ridel.wav
10_Ride2.wav
11_Overheads.wav
12_DrumsRoom.wav

01_KickIn.wav
02_KickOut.wav
03_KickSample.wav
04_SnareUp.wav
05_SnareDown.wav
06_Toml.wav

07_Tom2.wav

08_Tom3.wav
09_Overheads.wav
10_DrumsRoom]1_Stereo.wav
11_DrumsRoom2 Mono.wav
12_Shaker.wav
13_Tambourine.wav
18_Rhodes.wav

09_Bass.wav

13_Bass.wav

14 _Bass.wav

14_Piano.wav
15_ElecGtrl.wav

15_AcousticGtrl.wav
16_AcoustiGtr2.wav 20_Horns.wav
17_ElecGtr.wav

16_ElecGtr2.wav

10_Piano.wav

19_Piano.wav
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Table C.3 (continued): Instrument family predictions of audio files for each multitrack project in the Jazz genre.

Project Instrument Families/Classes

Names Drums & Percussions Bass Guitars Keyboards Strings Wind

01 KickInside.wav

02_KickBeater.wav

03_Snare.wav 06_Piano.wav
04_Overheads.wav

05_Bass.wav

What Is This Thing
Called Love

01 KickIn.wav
02_KickOut.wav
03_Snare.wav

04 HiHat.wav
05_Toml.wav

06 _Tom2.wav
07_Overheads.wav
08_Congas.wav
09_Shaker.wav
10_Tambourine.wav
15_Synth4.wav

16 Hammond.wav

12_Synthl.wav
11_Bass.wav 14_Synth3.wav 13_Synth2.wav
17_ElecPianol.wav

Queens Light

02_KickOut.wav

04_SnareUpl.wav

05_SnareUp2.wav

06_SnareDown.wav 12_ElecGtrl.wav 01 KickIn.wav
07_HiHat.wav 11_Bass.wav 13_ElecGtr2.wav 037KickSu.b way
08_Overheads.wav 15_Rhodes.wav - '

09 DrumsRooml.wav

10_DrumsRoom?2.wav

14_Vibes.wav

Blue

103



Table C.3 (continued): Instrument family predictions of audio files for each multitrack project in the Jazz genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards Strings Wind

A Reason to Leave

Fool

Bess (full)

02_KickOut.wav

04 SnareUpMicl.wav
05_SnareUpMic2.wav
06_DnareDown.wav
07_HiHat.wav
08_Cymbals.wav
09_DrumsRooml.wav
10_DrumsRoom?2.wav
11_DrumsRoom3.wav
13_DrumsRoomS5.wav
14_Tambourinel.wav
15_Tambourinel Room.wav
16_Tambourine2.wav
24 Vibrophone.wav

03_SnareUp.wav
04_SnareDown.wav
05_HiHat.wav
06_Overheads.wav
07_DrumsRooml.wav
08_DrumsRoom?2.wav

01_KickIn.wav
02_KickOut.wav
03_SnareUp.wav
04_SnareDown.wav
05_HiHat.wav

06 _Toml.wav
07_Tom2.wav
08_Tom3.wav
09_Overheads.wav
10_BassMic.wav
13_PianoMics2.wav

01_KickIn.wav
03_KickSub.wav
12_DrumsRoom4.wav

01_KickIn.wav
09_Bass.wav

11 BassDL.wav

17_BassDIL.wav

18_ElecGtr01.wav
19_ElecGtr04.wav
20_ElecGtr06.wav

12_ElecGtr01DT.wav
13_ElecGtr02.wav

12_PianoMicsl.wav
15_Trombone.wav

21_ElecGtr07.wav
22 Rhodes.wav
23 ElecPiano.wav

10_Rhodes.wav

11_ElecGtr01l.wav 02_KickOut.wav

14_Clarinet.wav
16_Trumpet.wav
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Table C.3 (continued): Instrument family predictions of audio files for each multitrack project in the Jazz genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards

Strings

Wind

All The Gin Is Gone
(full)

The Saga of Harrison
Crabfeathers

Rumba Chonta

01_KickIn.wav
02_KickOut.wav
03_SnareUp.wav
04_SnareDown.wav
05_HiHat.wav
06_Toml.wav
07_Tom2.wav
08_Tom3.wav
09_Overheads.wav
14 Trumpet.wav

01_KickIn.wav
02_KickOut.wav
03_Snare.wav
06_Overheadl.wav
07_Overhead2.wav

01_Bombo.wav
02_SnareUp.wav
03_SnareDown.wav
04 _HiHat.wav

06_Cunono3Sample.wav

07_Paliteo.wav
08_Guasa.wav
10_BassMic.wav
11 _Marimba.wav

10_BassMic.wav
11 BassDLwav

05_Tom2.wav
08_BassDIL.wav

09 _BassDL.wav

12_PianoMicsl.wav
13 _PianoMics2.wav

04_Toml.wav
09_ElecGtrMicl.wav
10_ElecGtrMic2.wav

12_ElecGtr.wav
13_Saxophonel.wav
14_Saxophone2.wav

05_Cunono.wav

16_Saxophone.wav

17_SaxophoneS.wav

15_Trombone.wav

11_Piano.wav

15_Saxophone3.wav
16_Saxophone4.wav
18_Saxophone6.wav
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Table C.3 (continued): Instrument family predictions of audio files for each multitrack project in the Jazz genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars Keyboards

Strings

Wind

Africa (full)

Scarlett (full)

Set Me Free

01_DrumLoop.wav
02_Djembe.wav
03_Percussion.wav
04 _Cowbell.wav
05_Cymbals.wav
09_Guitar.wav
14_Trumpets.wav

01_Drums.wav
02_Percussionl.wav
03_Percussion2.wav
04_SnareFills.wav
05_Cymbals.wav
06_Loopl.wav
07_Loop2.wav
09_Cabasa.wav

22 SFX2.wav

01_KickIn.wav
03_SnareUp.wav
05_HiHat.wav
06_Overheads.wav
07_DrumsRooml.wav
08_DrumsRoom?2.wav
09_DrumLoop.wav
10_Shaker.wav
13_ElecGtr02.wav

06_Bass.wav

10_Bassl.wav
11 Bass2.wav
12_Bass3.wav

02_KickOut.wav

10_GuitarMarimba.wav 07_Piano.wav

13_ElecGtr.wav

14 Pianol.wav

16 _Piano3Pad.wav
18_Synth.wav

15_Piano2.wav

04_SnareDown.wav
11_Bass.wav
12_ElecGtr01.wav
15_Horns.wav

16 Keys.wav

08 Maracas.wav
19_Strings1.wav
20_Strings2.wav
23 _SFX3.wav

14_ElecGtr02DT.wa

08_Flute.wav
11_Synth.wav
12_StringsChoir.wav
13_Trombones.wav

17_ElecPianoPad.wav
21 SFX1.wav
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Table C.3 (continued): Instrument family predictions of audio files for each multitrack project in the Jazz genre.

Project

Names

Instrument Families/Classes

Drums & Percussions Bass Guitars Keyboards

Strings

Wind

5th Floor
(full)

1 Of The First (full)

Song of India (full)

01_Loops.wav
03_Cymbals.wav
04 Percussion.wav
07_ElecGtr.wav

05_Bass.wav 06_ElecPiano.wav

02_KickMic2.wav

03 KickMic3.wav

04_SnareUp.wav

05_SnareDown.wav

06_HiHat.wav

07_Overheads.wav

08_DrumsRoom.wav 11_Tom3.wav
09_Toml.wav 14_ElecGtr.wav
10 Tom2.wav 15 Bassl.wav
16_Bass2.wav

17_Bass3.wav

24 Sax3Micl.wav

29 Sax4Mic3.wav

30_Piano.wav

01 KickMicl.wav

12_AcousticGtrMicl.wav

18_Sax1Micl.wav 13_AcousticGtrMic2.wav
22 Sax2Mic2.wav 21 Sax2Micl.wav

23 Sax2Mic3.wav

25 Sax3Mic2.wav

DRUM OVERHEAD STEREO

L.wav

DRUM OVERHEAD STEREO ROOM A.wav

R .wav ROOM B.wav

E GUITAR.wav ROOM D.wav

KICK.wav g/l:l;ISlev{aTv ROOM STEREO L.wav PANO B.wav
PIANO A.wav ’ ROOM STEREO R.wav

ROOM C.wav SAX B.wav

SAX A .wav TROMBONE A.wav

TRUMPET B.wav

UPRIGHT BASS DI.wav

02_Toms.wav

20_Sax1Mic3.wav
26_Sax3Mic3.wav
27_Sax4Micl.wav

TROMBONE B.wav

08_Synthl.wav
09_Synth2.wav
10_Synth3.wav

19 _Sax1Mic2.wav
28_Sax4Mic2.wav

TRUMPET A.wav
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Table C.3 (continued): Instrument family predictions of audio files for each multitrack project in the Jazz genre.

Project Instrument Families/Classes
Names Drums & Percussions Bass Guitars Keyboards Strings Wind
E GUITAR.wav
KICK.wav
g ROOM A.wav
=
=
by ROOM B.wav DRUM OVERHEAD STEREO DRUM OVERHEAD
.= ROOM STEREQ L.wav L.way UPRIGHT BASS -  STEREO R.wav
3 ROOM STEREO R.wav PIANO A.wav :
@] DILwav ROOM C.wav
© SAX A.wav PIANO B.wav ’ TROMBdNE A way
£ SAX B.way ROOM D.wav .
S TROMBONE B.wav
TRUMPET A.wav
TRUMPET B.wav
UPRIGHT BASS.wav
. 01_Kick.wav
= 02_Snare.wav .
=] !
L’\E/ 03_Overhead.wav ??—gi:fl:vg\; wav 07_Trumpetl.wav
2 05_ElecGtr.wav - oL 09_Trumpet3.wav
5} 04 BassDIL.wav 15_SaxBaritone.wav
<3 08_Trumpet2.wav - ~ 12_SaxAlto02.wav
o 17_Trombone2.wav
s 10_Trumpet4.wav 19 TromboneBass. wav 14_SaxTenor02.wav
= 13_SaxTenor01.wav - )

16_Trombonel.wav
18_Trombone3.wav
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Table C.4: Instrument family predictions of audio files for each multitrack project in the Electronic/Dance genre.

Project

Names

Drums & Percussions

Instrument Families/Classes

Bass Guitars

Keyboards

Strings

Wind

Horizon

Heart Peripheral

Ubiquitous

01_Kicks.wav
02_Snares.wav
03_HiHat.wav
04_Toms.wav
05_Shaker.wav
06_SFX1.wav
07_SFX2.wav
08_SFX3.wav
11_Synthl.wav

01 Loopl.wav
02_Loop2.wav
03_Loop3.wav
04_Loop4.wav
05_Loop5.wav
07_Synthl.wav

01_Kick.wav
02_HiHatl.wav
03 _HiHat2.wav
04_Claps.wav
05_SFX1.wav
06_SFX2.wav
07_Shakers.wav

09_Synthl Unmodulated.wav

11_Synth2.wav

09 Basses.wav
10_SubBass.wav

06_BassSynth.wav

08_Bass.wav
10_Synth2 PitchModula
ted.wav

13_Piano.wav

12_Synth2.wav

08_Synth2.wav
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Table C.4 (continued): Instrument family predictions of audio files for each multitrack project in the Electronic/Dance genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards

Strings

Wind

Shela Ya Marhaba (full)

Aiguille Rouge

02_Loop2.wav
03 Loop3.wav
04 Kickl.wav
05_Kick2.wav
06_Clapl.wav
07_Clap2.wav
08_Snare.wav

09_Cajon.wav

11_ExoDrum2.wav

12_Shaker.wav

13_Tambourine.wav

21 Synth2.wav
22 Synth3.wav
26_Synth7.wav
28 SFX1.wav
29 SFX2.wav
30_SFX3.wav
32 _SFXS5.wav
33_SFX6.wav
34 _SFX7.wav

01_Kick.wav
02_KickSub.wav
04 _HiHat.wav
05_Clapl.wav
06_Clap2.wav
09_Cymball.wav
10_Cymbal2.wav
11_Shakerl.wav
12_Shaker2.wav

13_Percussionl.wav
14 Percussion2.wav

15_SFX.wav
16_Glitchl.wav
18 TapeHiss.wav

10_ExoDruml.wav

14_Bass.wav
31_SFX4.wav

17_Glitch2.wav
19_Bass.wav

01 Loopl.wav
16_ElecGtr2.wav
17_ElecGtr3.wav
18_ElecGtr4.wav
20_Synthl.wav

03_Snare.wav

20_Synthl.wav
21 Synth2.wav
23 Synth4.wav

23_Synth4.wav
24 Synth5.wav
25_Synth6.wav
27_Synth8.wav
35_SFX8.wav

08_SteelTongueDrum.wav

22 Synth3.wav

15_ElecGtrl.wav

07_Taiko.wav

19_ElecGtr5.wav
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Table C.4 (continued): Instrument family predictions of audio files for each multitrack project in the Electronic/Dance genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards

Strings

Wind

Mathematician

King Of The Weekend

Transcention

01_Kick.wav
02_Snare.wav
03_Clapl.wav

04 Clap2.wav
05_HiHat2.wav
06_HiHat2.wav
07_HiHat3.wav
10_Synth1Dry.wav
15_Synth3Wet.wav

03_HiHatl.wav

04 HiHat2.wav
05_Snare.wav
06_Percussionl.wav
07_Percussion2.wav
08_Percussion3.wav
10_PercussionS.wav
11_SFX1.wav
13_SFX3.wav

14 _Synthl.wav
15_Synth2.wav

01_Kick.wav
02_Snare.wav
03_HatOpen.wav

04 HatClosedl.wav
05_HatClosed2.wav
06_Clap.wav
07_Percussionl.wav
09 Percussion3.wav
11_PercussionS.wav
12_Bass.wav
13_SynthArp.wav
14_SynthlLead.wav
16_SFX.wav

08 Bassl.wav
09 Bass2.wav

01_KickBass.wav

14_Synth3Dry.wav

09_Percussiond.wav

08_Percussion2.wav

12_Synth2Dry.wav
13_Synth2Wet.wav

11_Synth1Wet.wav

12_SFX2.wav

16_SFX1.wav

02_Clap.wav

10_Percussion4.wav
15_ElectroChoir.wav
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Table C.4 (continued): Instrument family predictions of audio files for each multitrack project in the Electronic/Dance genre.

Project Instrument Families/Classes
Names Drums & Percussions Bass Guitars Keyboards Strings Wind
01_Loopl.wav
02_Loop2.wav
03_Kick.wav
2 04_Snare.wav
= 05_Claps.wav 10_Bass2.wav
2 _ _
= 06_HiHat1.wav 12_Synth2.wav 11_Synthl.wav
= 07_HiHat2.wav
08_SFX.wav
09 _Bassl.wav
13 Synth3.wav
%D 02_Snare.wav
% 03_SnareSample.wav
= 04 HiHat.wav
T .
§ OSioverhez.tds.wav 01 Kick.wav 09 Bass.wav 12 Organ.wav
S 07_Percussion.wav 06_Tom.wav
< 08_LoopSFX.wav
§ 10_Synthl.wav
& 11_Synth2.wav
= 01_Loopl.wav
£ 02_Loop2.wav
3 03_Kick.wav
g 04 _HiHat.wav 07_SFX2.wav
E 05_Claps.wav 09 Bassl.wav }i—gyﬁﬁizg i ;—Syggg .\‘:’72:// 16_Synth6.wav 08_SFX3.wav
3 06_SFX1.wav 10_Bass2.wav —oynhs. —SYIEL.
% 13_Synth3.wav
§ 17_Synth7.wav
%)

18_Synth8.wav
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Table C.4 (continued): Instrument family predictions of audio files for each multitrack project in the Electronic/Dance genre.

Project Instrument Families/Classes

Names Drums & Percussions Bass Guitars Keyboards Strings Wind

01 Kick.wav
02_Clapl.wav
03_Clap2.wav

04 ElecDruml.wav
05_ElecDrum2.wav
06_ElecDrum3.wav
07_Snarel.wav
08_Snare2.wav
09_Snare3.wav
10_Hat.wav
11_Shaker.wav
12_SFX1.wav
13_SFX2.wav

14 SFX3.wav 17_Bass2.wav 18_SynthOl.wav
15_SFX4.wav 20_Synth03.wav
16_Bassl.wav
19_Synth02.wav
21_Synth04.wav

22 Synth05.wav

24 _Synth07.wav
25_Synth08.wav
26_Synth09.wav
27_Synth10.wav

28 Synthll.wav

29 Synth12.wav
30_SynthSFX1.wav
31_SynthSFX2.wav
32 SynthSFX3.wav

23_Synth06.wav

Tgheer
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Table C.4 (continued): Instrument family predictions of audio files for each multitrack project in the Electronic/Dance genre.

Project Instrument Families/Classes

Names Drums & Percussions Bass Guitars Keyboards Strings Wind

01_Kick.wav
02_Snare.wav
03_Clap.wav

04 _Hatl.wav
05_Hat2.wav
06_Hat3.wav
07_Hat4.wav

08 Hat5.wav

09 _Toml.wav
10_Tom2.wav 12_Bass2.wav
11 Bassl.wav
13_SFX1.wav
14_SFX2.wav
16_Synth02.wav
19_Synth05.wav
21_Synth07.wav

22 Synth08.wav
23_Synth09.wav

25 SynthLead2.wav

18_Synth04.wav 15_Synth01.wav
24 SynthLeadl.wav 17_Synth03.wav

Lacuna

20_Synth06.wav

01_Kick.wav
02_Snare.wav 07 Harp.wav
03_HiHat.wav 1 l:Syn th3.wav 08 _Piano.wav 09_Synthl.wav

04_Cymbal.wav
05_SFXHit.wav
06_Bass.wav

12_Synth4.wav 10_Synth2.wav

Anomalous Weeping (Full)
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Table C.4 (continued): Instrument family predictions of audio files for each multitrack project in the Electronic/Dance genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards

Strings

Wind

Chardonnay Mystik Vibe
Remix

Entwine (full)

Chardonnay

01_Kick.wav
02_Bass.wav

03 _Percussionl.wav
04_Percussion2.wav
05_Percussion3.wav
06_SnareRolls.wav
07_SFX.wav
08_Synthl.wav
09_Synth2.wav
11_Synth4.wav
13_Synth6.wav

01_Kick.wav
02_Snare.wav
03_HiHat.wav
04_Cymbal.wav
06_SubBass.wav

01_Kick.wav
03_Percussionl.wav
04 Percussion2.wav
05_Bass.wav
08_Synth2.wav
09_Synth3.wav
11_SFX1.wav

02_KickFX.wav
06_SubBass.wav

10_Synth3.wav

05_Bass.wav
10_Synth4.wav

12_SFX2.wav

07_Synthl.wav
09_Synth3.wav

08_Synth2.wav
12_Synth6.wav

10_Synth4.wav

12_Synth5.wav

11_Synth5.wav
13_Synth6FX.wav

07_Synthl.wav
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Table C.4 (continued): Instrument family predictions of audio files for each multitrack project in the Electronic/Dance genre.

Project

Names

Drums & Percussions

Bass

Instrument Families/Classes

Guitars

Keyboards Strings Wind

Slapback (full)

Cold Strive

01_Loopl.wav
02_Loop2.wav
03_Loop3.wav
04_Loop4.wav
05_Loop5.wav
06_Loop6.wav

07_RevCymbal.wav

12 Bass3c.wav
16_Synth2.wav
17_Synth3.wav
18_Synth4.wav
21_Synth7.wav
24 SFX1.wav
25_SFX2.wav
27_SFX4.wav

01 Kick.wav
02_Snare.wav
03_Hi-Hat.wav
04_Clap.wav
05_Cymbal.wav
12_Synth3.wav
14_Synth5.wav
15_Synth6.wav

08_Bassl.wav
09 _Bass2.wav
15_Synthl.wav

07_BassSub.wav

10_Bass3a.wav
11_Bass3b.wav
13_Bass4.wav
14 Bass5.wav
19_Synth5.wav
23 Synth9.wav

06_Bass.wav

09_PianoSFX.wav

20_Synth6.wav
22 Synth8.wav
26_SFX3.wav

08_Piano.wav

10_Synthl.wav
11_Synth2.wav
13_Synth4.wav

116



Table C.4 (continued): Instrument family predictions of audio files for each multitrack project in the Electronic/Dance genre.

Project Instrument Families/Classes

Names Drums & Percussions Bass Guitars Keyboards Strings Wind

01 Kickl.wav
03_Snare2.wav
04_Snare3.wav
05_ReverseSnare.wav
06_HiHat.wav
07_Toms.wav
08_ReverseSFX1.wav
10_SFX.wav
12_Synth01.wav 11_Bass.wav
14_Synth03.wav
15_Synth04.wav
17_Synth06.wav
18_Synth07.wav
19_Synth08.wav
20_Synth09.wav

22 Synthll.wav

23 Synth12.wav

09_ReverseSFX2.wav
13_Synth02.wav
16_Synth05.wav
21 Synth10.wav

02_Snarel.wav

Fly High
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