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Example:  Weber, Song (No. 4) from “Der Freischütz” 
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Introduction Stanzas Dialogues

Music Structure Analysis

 Stanzas of a folk song

 Intro, verse, chorus, bridge, outro sections of a pop song

 Exposition, development, recapitulation, coda of a sonata

 Musical form ABACADA … of a rondo

General goal: Divide an audio recording into temporal 
segments corresponding to musical parts and group these 
segments into musically meaningful categories.

Examples:

Music Structure Analysis

 Homogeneity:

 Novelty:

 Repetition:  

General goal: Divide an audio recording into temporal 
segments corresponding to musical parts and group these 
segments into musically meaningful categories.

Challenge: There are many different principles for creating 
relationships that form the basis for the musical structure.

Consistency in tempo, instrumentation, key, …

Sudden changes, surprising elements …

Repeating themes, motives, rhythmic patterns,… 

Music Structure Analysis

Novelty Homogeneity Repetition

Overview

 Introduction

 Feature Representations

 Self-Similarity Matrices

 Music Synchronization

 Beat Tracking
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Feature Representation

General goal: Convert an audio recording into a mid-level 
representation that captures certain musical properties 
while supressing other properties.

 Timbre / Instrumentation

 Tempo / Rhythm

 Pitch / Harmony
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Log-frequency spectrogram
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Feature Representation
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Overview

 Introduction

 Feature Representations

 Self-Similarity Matrices

 Music Synchronization

 Beat Tracking

Self-Similarity Matrix (SSM)

General idea: Compare each element of the feature
sequence with each other element of the feature sequence
based on a suitable similarity measure.

→  Quadratic self-similarity matrix

Self-Similarity Matrix (SSM)
Example:  Brahms Hungarian Dance No. 5 (Ormandy)
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Self-Similarity Matrix (SSM)
Example:  Brahms Hungarian Dance No. 5 (Ormandy)

Idealized SSM

Self-Similarity Matrix (SSM)
Example:  Brahms Hungarian Dance No. 5 (Ormandy)

Idealized SSM

Blocks:    Homogeneity

Paths:      Repetition

Corners: Novelty

SSM Enhancement
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SSM Enhancement
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 Diagonal smoothing
 Multiple filtering
 Thresholding (relative)
 Scaling & penalty
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 Path extraction
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 Path extraction
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 Path extraction
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Application: Interpretation Switcher



Music Synchronization: Image-Audio
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Application: Score Viewer Overview

 Introduction

 Feature Representations

 Self-Similarity Matrices

 Music Synchronization

 Beat Tracking

Beat Tracking

Basic task:  “Tapping the foot when listening to music’’
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Basic task:  “Tapping the foot when listening to music’’
Example:      Happy Birthday to you

Pulse level:  Measure

Beat Tracking



Example:      Happy Birthday to you

Pulse level:  Tactus (beat)

Beat Tracking

Example:      Happy Birthday to you

Pulse level:  Tatum (temporal atom)

Beat Tracking

Example:      Chopin – Mazurka Op. 68-3

Pulse level: Quarter note

Tempo:          ???

Beat Tracking

Example:      Chopin – Mazurka Op. 68-3

Pulse level: Quarter note

Tempo:          50-200 BPM
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Beat Tracking

 Which temporal level?

 Local tempo deviations

 Sparse information
(e.g., only note onsets available)

 Vague information
(e.g., extracted note onsets corrupt)
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Beat Tracking

1. Spectrogram
2. Log Compression

Steps:
Compressed Spectrogram
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Motivic Similarity

Beethoven’s Fifth (1st Mov.)
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Book Project

A First Course on Music Processing

1. Music Representations
2. Fourier Analysis of Signals
3. Music Synchronization
4. Music Structure Analysis
5. Chord Recogntion
6. Temo and Beat Tracking
7. Content-based Audio Retrieval
8. Music Transcription

Textbook (approx. 500 pages)

To appear (plan):
End of 2015



Structure 
Analysis 

Conclusions

Representations

Structure 
Analysis 

Audio
MIDIScore

Conclusions

Representations

Musical 
Aspects

Structure 
Analysis 

Timbre
TempoHarmony

Audio
MIDIScore

Conclusions

Representations

Segmentation 
Principles

Musical 
Aspects

Structure 
Analysis 

Homogeneity
NoveltyRepetition

Timbre
TempoHarmony

Audio
MIDIScore

Conclusions

Temporal and 
Hierarchical Context

Representations

Segmentation 
Principles
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Structure 
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Audio
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Conclusions Conclusions

 Combined Approaches

 Hierarchical Approaches

 Evaluation

 Explaining Structure

 MIREX
 SALAMI-Project

 Smith, Chew



Projects with Musicology

Computergestützte Analyse 
harmonischer Strukturen
Kooperationspartner:
Prof. Rainer Kleinertz
Universität des Saarlandes
Institut für Musikwissenschaft

Freischütz Digital
Kooperationspartner:
Prof. Joachim Veit, Universität Paderborn / Detmold
Prof. Thomas Betzwieser, Universität Frankfurt
Prof. Gerd Szwillus, Universität Paderborn

Similarity Matrix Toolbox

Meinard Müller, Nanzhu Jiang, Harald Grohganz
SM Toolbox: MATLAB Implementations for Computing and
Enhancing Similarity Matrices

Audio
representation

Feature
representation

Similarity
matrix

Enhanced
matrix

http://www.audiolabs-erlangen.de/resources/MIR/SMtoolbox/

PhD Projects (Final Stage)

 Nanzhu Jiang
Universtät Erlangen-Nürnberg
Supervisor: Meinard Müller

 Harald Grohganz
Universität Bonn
Supervisors: Michael Clausen, Meinard Müller

 Jordan Smith
Queen Mary University of London
Supervisor: Elaine Chew

 Oriol Nieto
New York University
Supervisor: Juan P. Bello 
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