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Player Piano (1900)

Piano Roll Representation (MIDI)

J.S. Bach, C-Major Fuge
(Well Tempered Piano, BWV 846)
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Music Synchronization: Audio-Audio
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Application: Interpretation Switcher
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Music Synchronization: Image-Audio
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How to make the data comparable?
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How to make the data comparable?

Image Processing: Optical Music Recognition
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Application: Score Viewer

Why is Music Processing Challenging?

Example: Chopin, Mazurka Op. 63 No.3 »
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Why is Music Processing Challenging?

Example: Chopin, Mazurka Op. 63 No. 3
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Example: Chopin, Mazurka Op. 63 No. 3

= Waveform / Spectrogram

= Performance
— Tempo
— Dynamics
— Note deviations
— Sustain pedal
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Computational Analysis of
Traditional Georgian Vocal Music

= Partner: Prof. Frank Scherbaum

> Potsdam University
-z
.G‘d
* Performance « Duration: 2018 — 2021 L
— Tempo
- Dynamics ) = Objectives
— Note deviations — Harmonic, tonal and performance analysis
— Sustain pedal — New sensors (larynx microphones)
— Digital humanities
= Polyphon
olyphony m— Main Melody
== Additional melody line https://www.audiolabs-erlangen.de/resources/MIR/2017-GeorgianMusic-Erkomaishvili >
. https://www.audiolabs-erlangen.de/resources/MIR/2018-ISMIR-LBD-ThroatMics
Accompaniment >
Traditional Georgian Vocal Music Traditional Georgian Vocal Music
Which scale? Harmonic/melodic intervals? Singer interaction?
> > >
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Lead voice ‘-‘/Middle voice ZBass voice

= Master chanter: Artem Erkomaishvili
= Recordings of 100 songs (1966)
= Example song: Da sulisatsa (#87)




Traditional Georgian Vocal Music

Traditional Georgian Vocal Music
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Automated Methods and Tools for  g)IF @G
Analyzing and Structuring Choral Music

= Partner: Carus-Verlag

« Duration: 2018 — 2021 CV Carus

= Objectives
— Navigation, visualization, sonification of musical structures
— Practicability & applications (music education, musicology)
— Web-based prototypes for interactive interfaces

https://www.audiolabs-erlangen.de/resources/MIR/2018-ISMIR-LBD-Carus >

Score-Informed Audio Decomposition
Application: Audio editing
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Informed Drum-Sound Decomposition

Remix: >

Literature: [Dittmar/Miller, IEEE/ACM-TASLP 2016]
Demo: https://www.audiolabs-erlangen.de/resources/MIR/2016-IEEE-TASLP-DrumSeparation

Audio Mosaicing

Target signal: Beatles—Let it be Source signal: Bees

Do Do DD

Mosaic signal: Let it Bee

Literature: [Driedger/Miiller, ISMIR 2015]
Demo: https://www.audiolabs-erlangen.de/resources/MIR/2015-ISMIR-LetltBee

Motivic Similarity
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Book: Fundamentals of Music Processing

Meinard Miiller

Fundamentals of Music Processing
Audio, Analysis, Algorithms, Applications
Meinard Miiller 483 p., 249 illus., hardcover

ISBN: 978-3-319-21944-8
Fundamentals of  Jseebughee

Music Processing

Audio, Analysis, Accompanying website:
Algorithms, Applications Www.music-processing.de

) Springer




Book: Fundamentals of Music Processing
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" | Tracking
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Meinard Mdiller

Fundamentals of Music Processing
Audio, Analysis, Algorithms, Applications
483 p., 249 illus., hardcover

ISBN: 978-3-319-21944-8

Springer, 2015

Accompanying website:
www.music-processing.de

Fundamentals of
Mot Music Processing o
FMP Notebooks ail
Python Notebooks for Fundamentals of Music Processing

= Introductions of MIR scenarios

= Textbook-like explanations and algorithms
= Python code examples

= Numerous illustrations and sound examples

https://www.audiolabs-erlangen.de/FMP




