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Abstract

The goal of music information retrieval (MIR) is to develop novel strategies and techniques
for organizing, exploring, accessing, and understanding osic data in an e cient manner.
The conversion of waveform-based audio data into semantidly meaningful feature repre-
sentations by the use of digital signal processing techniges is at the center of MIR and
constitutes a di cult eld of research because of the complexity and diversity of music sig-
nals. In this thesis, we introduce novel signal processing athods that allow for extracting
musically meaningful information from audio signals. As man strategy, we exploit musi-
cal knowledge about the signals' properties to derive featte representations that show a
signi cant degree of robustness against musical variations but still exhibit a high musical
expressiveness. We apply this general strategy to three derent areas of MIR: Firstly, we
introduce novel techniques for extracting tempo and beat ifiormation, where we patrticu-
larly consider challenging music with changing tempo and sfb note onsets. Secondly, we
present novel algorithms for the automated segmentation ad analysis of folk song eld
recordings, where one has to cope with signi cant uctuations in intonation and tempo as
well as recording artifacts. Thirdly, we explore a cross-vesion approach to content-based
music retrieval based on the query-by-example paradigm. Irall three areas, we focus on
application scenarios where strong musical variations madk the extraction of musically
meaningful information a challenging task.

Zusammenfassung

Ziel der automatisierten Musikverarbeitung ist die Entwicklung neuer Strategien und Tech-
niken zur e zienten Organisation gro er Musiksammlungen. Ein Schwerpunkt liegt in der
Anwendung von Methoden der digitalen Signalverarbeitung mr Umwandlung von Audio-
signalen in musikalisch aussagelaftige Merkmalsdarstellungen. Gro e Herausforderungen
bei dieser Aufgabe ergeben sich aus der Komplexit und Vielschichtigkeit der Musiksi-
gnale. In dieser Arbeit werden neuartige Methoden vorgest#, mit deren Hilfe musikalisch
interpretierbare Information aus Musiksignalen extrahiert werden kann. Hierbei besteht ei-
ne grundlegende Strategie in der konsequenten Ausnutzungumsikalischen Vorwissens, um
Merkmalsdarstellungen abzuleiten die zum einen ein hohes & an Robustheit gegeruber
musikalischen Variationen und zum anderen eine hohe musikache Ausdruckskraft besit-
zen. Dieses Prinzip wenden wir auf drei verschieden Aufgalmstellungen an: Erstens stellen
wir neuartige Ansatze zur Extraktion von Tempo- und Beat-Information aus Audi osignalen
vor, die insbhesondere auf anspruchsvolle Szenarien mit weselnden Tempo und weichen
Notenanfangen angewendet werden. Zweitens tragen wir mit neuartigeilgorithmen zur
Segmentierung und Analyse von Feldaufnahmen von Volksliegfrn unter Vorliegen gro er
Intonationsschwankungen bei. Drittens enwickeln wir e zi ente Verfahren zur inhaltsba-
sierten Suche in gro en Datenbesanden mit dem Ziel, verschiedene Interpretationen eines
Musiksteickes zu detektieren. In allen betrachteten Szenarien ridien wir unser Augenmerk
insbesondere auf die Rlle in denen auf Grund erheblicher musikalischer Variatimen die
Extraktion musikalisch aussageksmftiger Informationen eine gro e Herausforderung dar-
stellt.
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Chapter 1

Introduction

Music plays an exceptional role in our society. The everydaylives of billions of people
worldwide are notably a ected by the omnipresence of musice. g., by its widespread use
in mass media, its ubiquitous presence in public places, anids essential role in enter-
tainment or social activities such as music creation and daoe. In the last decades, the
way how music is produced, stored, accessed, distributed,nd consumed underwent a
radical change. Nowadays, large music collections contaimg millions of audio documents
in digital form are at any moment accessible from anywhere asund the world. Personal
music collections easily comprise ten thousands of songs didg up to over 1000 hours of
playback time. Stored on portable audio devices, personal msic collections have become
the daily companion of many people. Such abundance of digitanusic content, together
with the relative ease of access, not only fosters that nowaalys more music is consumed
than ever before, but, in turn, also requires novel strateges and modes of access that allow
users to organize and explore large music collections as Wak to discover novel songs and
artists in a convenient and enjoyable way. As a consequenceénformation technology is
now deeply interwoven with almost every aspect of music consnption and production.

One main goal in the eld of music information retrieval (MIR) is to develop tools that
enrich the experience of users when interacting with music|be it for music production,
music organization, music consumption, or music analysis.Intensive research has been
conducted with the goal to develop automated methods for extacting musically meaning-
ful information from music in all its di erent facets. As audio is the most natural form of
music, the conversion of waveform-based audio data into seamtically meaningful feature
representations by the use of digital signal processing témiques is at the center of MIR.
Music signal processing constitutes a di cult eld of research because of the complexity
and diversity of music signals. When dealing with speci ¢ awlio domains such as speech
or music, the understanding of acoustic, linguistic, and mical properties is of foremost
importance for extracting meaningful and semantically interpretable information [125.
For example, language models play an outstanding role in sgeh processing and are an
essential part in modern speech recognition systems. Simaitly, music signals are by no
means chaotic, or random. Quite contrary, music exhibits stong regularities, is highly
structured, and follows certain \rules". As a result, when analyzing music signals, one has
to account for various musical dimensions such as pitch, hanony, timbre, and rhythm.
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Exploiting musical knowledge and model assumptions, varias mid-level representations
have been proposed that robustly capture and reveal musichl meaningful information
concealed in the audio waveform.

One key aspect of music, however, is that the rules are not sict but leave a lot of
room for artistic freedom in the realization by a performer. In the case of strong musical
variations, the model assumptions are often not completelysatis ed or even violated. In
such cases, the extraction of musically meaningful inform@gon becomes a very challenging
problem. For example, the aspects of tempo and beat are of fudlamental importance
for understanding and interacting with music [139. It is the beat the steady pulse that
drives music forward and provides the temporal framework ofa piece of music[166].
Intuitively, the beat can be described as a sequence of pereed pulses that are equally
spaced in time. The beat corresponds to the pulse a human tapalong when listening
to music [112. The term tempo then refers to the rate of the pulse. When listening
to a piece of music, most humans are able to tap to the musical &at without di culty.
Exploiting knowledge about beat and tempo one can employ sigal processing methods
for transferring the cognitive process into an automated bat tracking system. Typically,
such a system can cope with modern pop and rock music with a sbng beat and steady
tempo, where the model assumptions are typically satis ed.For classical music, however,
the rules are less strictly followed. Musicians do not play nechanically at a xed tempo,
but form their interpretation of a music piece by constantly changing the tempo, slowing
down at certain positions, or accelerating to create tensin. As a consequence, extracting
the beat locations from highly expressive performances ok.g., romantic piano music is a
very challenging task.

Another musical key concept is pitch. Pitch is a perceptual dtribute which allows
the ordering of sounds on a frequency-related scale extentj from low to high [101;
103. Exploiting the fact that most Western music is based on the gual-tempered scale,
signal processing approaches allow for decomposing the sajs into musically meaningful
logarithmically spaced frequency bands corresponding tohe pitch scale[123. Exploit-
ing such musical knowledge on the frequency content, one amgmarelies on the fact that
the musicians stick to the rulesjan unrealistic assumption . For example, in the case of
eld recordings of folk songs, one typically has to deal withrecordings performed by non-
professional elderly singers that have signi cant problens with the intonation, uctuating
with their voices even over several semitones throughout aogsig. In that scenario, imposing
strict pitch model assumptions results in the extraction of meaningless audio features and
requires a careful adaption of the model assumptions to the @ual musical content. The
main challenge lies in incorporating robustness to musicalariations without sacri cing
the musical expressiveness of the feature representations

The superordinate goal of this thesis is to introduce novel rasic signal processing meth-
ods that particularly address the key characteristics of music signals. Firstly, we exploit
knowledge about the musical properties of the signals to dére compact and precise fea-
ture representations that reveal musically meaningful andhighly expressive information.
Furthermore, in this thesis, we particularly focus on the challenging cases where musical
variations lead to not completely satis ed or even violated model assumptions. As main
goal, we introduce compact feature representations that stw a signi cantly increased
robustness against musical variations but still exhibit a very high musical expressiveness.
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1.1 Contributions

This thesis introduces various music signal processing appaches that contribute to three

areas of MIR. Firstly, Part | of this thesis deals with the extraction of tempo and beat

information in particular for complex music with changing tempo and soft note onsets.
Secondly, Part Il contributes to the segmentation and perfamance analysis of eld record-

ings of folk songs that are performed by singers with seriougtonation problems under

poor recording conditions. Thirdly, Part Il of this thesis covers content-based music
retrieval following the query-by-example paradigm. In paricular, we address scalability

issues in a cross-version retrieval scenario where strongusical variations occur.

In Part | of the thesis, we address the aspects of tempo and béaBecause tempo and beat
are of fundamental musical importance, the automated extration of this information from
music recordings is a central topic in the eld of MIR. In recent years, various di erent
algorithmic solutions for automatically extracting beat p osition from audio recordings
have been proposed that can handle modern pop and rock musicithr a strong beat and
steady tempo. For non-percussive music with soft note onset however, the extraction of
beat and tempo information becomes a di cult problem. Even more challenging becomes
the detection of local periodic patterns in the presence of émpo changes as typically
occurring in highly expressive performances of, e.g., ronmiic piano music. In Chapter 2,
as rst contribution of Part I, we introduce a novel mid-leve | representation that captures
musically meaningful local pulse information even for the ase of music exhibiting tempo
changes. Our main idea is to derive for each time position a susoidal kernel that best
explains the local periodic nature of a previously extracte (possibly very noisy) note onset
representation. Then, we employ an overlap-add technique umulating all these kernels
over time to obtain a single function that reveals the predominant local pulse(PLP). Our
concept introduces a high degree of robustness to noise andstbrtions resulting from
weak and blurry onsets. Furthermore, the resulting PLP curwe reveals the local pulse
information even in the presence of continuous tempo changeand indicates a kind of
con dence in the periodicity estimation. We show how our PLP concept can be used as a
exible tool for enhancing state-of-the-art tempo estimation and beat tracking procedures.
The practical relevance is demonstrated by extensive expénents based on challenging
music recordings of various genres.

As it turns out, our PLP concept is capable of capturing continuous tempo changes as
implied by ritardando or accelerando. However, especiallyn the case of expressive per-
formances, current beat tracking approaches still have sigi cant problems to accurately
capture local tempo deviations and beat positions. In Chapér 3, as second contribution
of Part I, we introduce a novel evaluation framework for detecting critical passages in a
piece of music that are prone to tracking errors. Our idea is ¢ look for consistencies in
the beat tracking results over multiple performances of thesame underlying piece. Our
investigation does not analyze beat tracking performancedr entire recordings or even
collections of recordings, but provides information aboutcritical passages within a given
piece where the tracking errors occur. As another contribuibn, we further classify the
critical passages by specifying musical properties of ceamtn beats that frequently evoke
tracking errors. Finally, considering three conceptuallydi erent beat tracking procedures,
we conduct a case study on the basis of a challenging test sef we Chopin Mazurkas
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containing in average over 50 performances for each piece.uDexperimental results not
only make the limitations of state-of-the-art beat trackers explicit but also deepen the
understanding of the underlying music material.

The tempo and in particular the local changes of the tempo area key characteristic of a
music performance. Instead of playing mechanically musieins speed up at some places
and slow down at others in order to shape a piece of music. Funermore, local changes
of the tempo indicate boundaries of structural elements of msic recordings. As indicated
above, the detection of locally periodic patterns becomes aehallenging problem in the case
that the music recording reveals signi cant tempo changes.Furthermore, the existence of
various pulse levels such as measure, tactus, and tatum oftemakes the determination of
absolute tempo problematic. In Chapter 4, as third contribution of Part I, we generalize
the concept oftempogramsencoding local tempo information using two di erent methods
for periodicity analysis. In particular, we avoid the error-prone determination of an explicit
tempo value. As a result, the obtained mid-level representiions are highly robust to
extraction errors. As further contribution, we introduce t he concept ofcyclic tempograms
Similar to the well-known chroma features where pitches diering by octaves are identi ed,
we identify tempi diering by a power of two to derive the cyclic tempograms. The
resulting mid-level representation robustly reveals loch tempo characteristics of music
signals in a compact form and is invariant to changes in the plse level. In summary, the
novel concepts introduced in Part | of the thesis enhance st&-of-the-art in beat tracking
and tempo estimation in particular in the case of complex mug with signi cant musical
variations and give a better understanding of musical reasoes for the shortcomings of
current solutions.

In Part Il of this thesis, we are dealing with applications of music signal processing to
automatically segmenting eld recordings of folk songs. Gaerally, a folk song is referred
to as a song that is sung by the common people of a region or cuite during work
or social activities. As a result, folk music is closely relted to the musical culture of
a specic nation or region. Even though folk songs have beengssed down mainly by
oral tradition, most musicologists study the relation between folk songs on the basis of
score-based transcriptions. Due to the complexity of audiorecordings, once having the
transcriptions, the original recorded tunes are often no lmger considered, although they
still may contain valuable information. It is the object of t his part of the thesis to indicate
how the original recordings can be made more easily accesklfor folk song researches and
listeners by bridging the gap between the symbolic and the adio domain. In Chapter 5, as
rst contribution of Part Il, we introduce an automated appr oach for segmenting folk song
recordings that consist of several repetitions of the sameune into its constituent stanzas.
As main idea, we introduce a reference-based segmentatiorrqredure that exploits the
existence of a symbolically given transcription of an idedked stanza. Performed by elderly
non-professional singers under poor recording conditionghe main challenge arises from
the fact that most singers often deviate signi cantly from t he expected pitches and have
serious problems with the intonation. Even worse, their voces often uctuate by several
semitones downwards or upwards across the various stanzastbe same recording. As one
main contribution, we introduce a combination of robust audio features along with various
cleaning and audio matching strategies to account for such @viations and inaccuracies in
the audio recordings. As it turns out, the reference-basedegmentation procedure yields
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accurate segmentation results even in the presence of strgndeviations. However, one
drawback of this approach is that it crucially depends on the availability of a manually
generated reference transcription.

In Chapter 6, as second contribution of Part I, we introduce a reference-free segmentation
procedure, which is driven by an audio thumbnailing procedue based on self similarity

matrices (SSMs). The main idea is to identify the most repettive segment in a given

recording which can then take over the role of the referencerénscription in the segmen-

tation procedure. As further contribution, for handling th e strong temporal and spectral

variations occurring in the eld recordings, we introduce various enhancement strategies to
absorb a high degree of these deviations and deformationsrabdy on the feature and SSM

level. Our experiments show that the reference-free segmtatiion results are comparable

to the ones obtained by the reference-based method.

The generated relations and structural information can then be utilized to create novel
navigation and retrieval interfaces which assist folk songresearchers or listeners in con-
veniently accessing, comparing, and analyzing the audio mordings. Furthermore, the
generated segmentations can also be used to automaticallp¢ate and capture interesting
performance aspects that are lost in the notated form of the eng. As third contribu-
tion of Part Il, in Chapter 7, various techniques are presentd that allow for analyzing
temporal and melodic variations within the stanzas of the recorded folk song material.
It is important to note that variabilities and inconsistenc ies may be, to a signi cant ex-
tent, properties of the repertoire and not necessarily erres of the singers. To measure
such deviations and variations within the acoustic audio maerial, we use a multimodal
approach by exploiting the existence of a symbolically giva transcription of an idealized
stanza. Then, a novel method is proposed that allows for captring temporal and melodic
characteristics and variations of the various stanzas of aegcorded song in a compact and
semantically interpretable matrix representation, which we refer to aschroma template
In particular, the chroma templates reveal consistent and nconsistent aspects across the
various stanzas of a recorded song in the form of an explicitrad semantically interpretable
matrix representation. Altogether, our framework allows for capturing di erences in vari-
ous musical dimensions such as tempo, key, tuning, and melgdAs further contribution,
we present an application of an user interface that assistsofk song researchers in conve-
niently accessing, listening, and in particular comparingthe individual stanzas of a given
eld recording. In combination, the techniques presented n Part Il of the thesis make the
actual eld recordings more accessible to folk song resednrer and constitute a rst step
towards including the actual recordings and the enclosed pérmance aspects into folk
song research.

In Part Il of the thesis, we are dealing with content-based mnusic retrieval. The rapidly
growing corpus of digital audio material requires novel retieval strategies for exploring
large music collections and discovering new music. Traditinal retrieval strategies rely on
metadata that describe the actual audio content in words. Inthe case that such textual
descriptions are not available, one requires content-baskretrieval strategies which only
utilize the raw audio material. In Chapter 8, we give an oveniew on content-based re-
trieval strategies that follow the query-by-example paradgm: given an audio fragment as
query, the task is to retrieve all documents that are somehowsimilar or related to the
query from a music collection. Such strategies can be loosetlassi ed according to their
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speci city , which refers to the degree of similarity between the query ad the database
documents. High speci city refers to a strict notion of similarity, whereas low speci city
to a rather vague one. Furthermore, we introduce a second csi cation principle based
on granularity, where one distinguishes between fragment-level and documt-level re-
trieval. Using a classi cation scheme based on specicity ad granularity, we identify
various classes of retrieval scenarios, which comprisgudio identi cation , audio match-
ing, and version identi cation . For these three important classes, we give an overview
of representative state-of-the-art approaches, which als illustrate the sometimes subtle
but crucial di erences between the retrieval scenarios. Fnally, we give an outlook on an
user-oriented retrieval system, which combines the varios retrieval strategies in a uni ed
framework.

Furthermore, as main technical contribution of Part Ill, we deal with the question on how
to accelerate cross-version music retrieval. The generabgl of cross-version music retrieval
is to identify all versions of a given piece of music by meansf@ short query audio fragment.
In particular, we address the fundamental issue on how to bud e cient retrieval systems
of lower speci city by employing indexing procedures that gill exhibit a high degree of
robustness against musical variations in the versions. In Gapter 9, we investigate to
which extent well-established audio ngerprints, which aim at identifying a speci ¢ audio
recording, can be modied to also deal with more musical varations between di erent
versions of a piece of music. To this end, we exploit musicalfowledge to replace the
traditional peak ngerprints based on a spectrogram by peak ngerprints based on other
more \musical" feature representations derived from the sgctrogram. Our systematic
experiments show that such modi ed peak ngerprints allow for a robust identi cation of
di erent versions and performances of the same piece of musiif the query length is at
least 15 seconds. This indicates that highly e cient audio ngerprinting techniques can
also be applied to accelerate mid-speci c retrieval tasks ich as audio matching or cover
song identi cation.

In Chapter 10, we investigate how cross-version retrieval @ be accelerated by employing
index structures that are based on a shingling approach. Tohis end, the audio material is
split up into small overlapping shingles that consist of shot chroma feature subsequences.
These shingles are indexed using locality sensitive hashgn Our main idea is to use a
shingling approach, where an individual shingle covers a tatively large portion of the
audio material (between 10 and 30 seconds). Compared to shioshingles, such large
shingles have a higher musical relevance so that a much lowaumber of shingles su ces
to characterize a given piece of music. However, increasinthe size of a shingle comes
at the cost of increasing the dimensionality and possibly losing robustness to variations.
We systematically investigate the delicate trade-o between the query length, feature
parameters, shingle dimension, and index settings. In paitular, we show that large
shingles can still be indexed using locality sensitive hashg with only a small degradation
in retrieval quality. In summary, the contributions of Part |l of the thesis give valuable
insights and indicate solutions that are of fundamental importance for building e cient
cross-version retrieval systems that scale to millions of@gs and at the same time exhibit
a high degree of robustness against musical variations.
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Included Publications
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CHAPTER 1.

INTRODUCTION



Chapter 2

Predominant Local Pulse
Estimation

Most approaches to tempo estimation and beat tracking proced in two steps. In the
rst step, positions of note onsets within the music signal ae estimated. Here, most
approaches capture changes of the signal's energy or speaatn and derive a so-called
novelty curve The peaks of such a curve yield good indicators for note onseandidates[7;
23; 189. In the second step, the novelty curve is analyzed to detecte@occurring patterns
and quasi-periodic pulse trains[154; 146; 31; 44 For non-percussive music with soft
note onsets, however, novelty curves provide noisy and irgular information about onset
candidates, which makes the extraction of beat and tempo irdrmation a di cult problem.
Even more challenging becomes the detection of local perig@patterns in the presence of
tempo changes.

In this chapter, we introduce a novel approach that allows fa a robust extraction of mu-
sically meaningful local pulse information even for the cas of complex music. Intuitively
speaking, our idea is to construct a mid-level representatin that explains the local periodic
nature of a given (possibly very noisy) onset representation without determining explicit
note onset positions. More precisely, starting with a novdly curve, we determine for each
time position a sinusoidal kernel that best captures the loal peak structure of the novelty
curve. Since these kernels localize well in time, even contious tempo variations and local
changes of the pulse level can be handled. Now, instead of kiag at the local kernels
individually, our crucial idea is to employ an overlap-add technique by accumulating all
local kernels over time. As a result, one obtains a single cue that can be regarded as a
local periodicity enhancement of the original novelty cure. Revealingpredominant local
pulse (PLP) information, this curve is referred to as PLP curve.

Our PLP concept yields a powerful mid-level representationthat can be applied as a
exible tool for various music analysis tasks. In particular, we discuss in detail how the
PLP concept can be applied for improving on tempo estimationas well as for validating
the local tempo estimates. Furthermore, we show that stateef-the-art beat trackers can be
improved when using a PLP-enhanced novelty representationHere, one important feature
of our work is that we particularly consider music recordings that reveal changes in tempo,
whereas most of the previous tempo estimation and beat tradkg approaches assume a

11
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(more or less) constant tempo throughout the recording. Asfiturns out, our PLP concept
is capable of capturing continuous tempo changes as impliebly ritardando or accelerando.
However, as our approach relies on the assumption of a locgliquasi-periodic behavior of
the signal, it reaches its limits in the presence of strong loal tempo distortions as found
in highly expressive music (e.g. romantic piano music). To émonstrate the practical
relevance of our PLP concept, we have conducted extensive p&riments based on several
music datasets consisting of 688 recordings amounting to nme than 36 hours of annotated
audio material. The datasets cover various genres includig popular music, Jazz music
and classical music.

The remainder of this chapter is organized as follows. In Seéion 2.1, we review re-
lated work and discuss relevant state-of-the-art conceptsin Section 2.2, we then give an
overview of our PLP concept. Subsequently, we elaborate onhie mathematical details
of our variant of a novelty curve (Section 2.3), tempograms Gection 2.4), the determi-
nation of the optimal periodicity kernels (Section 2.5), ard the computation of the PLP
curves (Section 2.6). Then, we discuss general propertied ®LP curves (Section 2.7)
and describe an iterative approach (Section 2.8). The appdations to tempo estimation
and beat tracking as well as the corresponding experimentsra discussed in Section 2.9.
Conclusions of this chapter are given in Section 2.10.

2.1 Related Work

In general, the beat is a perceptual phenomenon and percepali beat times do not neces-
sarily coincide with physical beat times [42]. Furthermore, the perception of beats varies
between listeners. However, beat positions typically go @ng with note onsets or percus-
sive events. Therefore, in most tempo and beat tracking appraches, the rst step consists
in locating such events in the given signalla task often referred to as onset detection or
novelty detection To determine the physical starting times of the notes occuring in the
music recording, the general idea is to capture changes of iain properties of the signal
to derive a novelty curve The peaks of this curve indicate candidates for note onsets

Many di erent methods for computing novelty curves have bee proposed, se€7; 23;

39] for an overview. When playing a note, the onset typically gos along with a sudden
increase of the signal's energy. In the case of a pronouncedtack phase, note onset
candidates may be determined by locating time positions, whre the signal's amplitude

envelope starts to increasd7; 67. Much more challenging, however, is the detection of
onsets in the case of non-percussive music, where one has teatl with soft onsets or
blurred note transitions. This is often the case for classial music dominated by string

instruments. As a result, more re ned methods have to be usedor computing a novelty

curve, e.g., by analyzing the signal's spectral content88; 7; 189; 50, pitch [88; 189;

24), harmony [47; 61, or phase[88; 7; 84. To handle the variety of signal types, a
combination of novelty curves and signal features can impree the detection accuracy[88;

35; 189; 169; 5D Also supervised classi cation approaches were proposegd08; 54.

Furthermore, in complex polyphonic mixtures of music, simutaneously occurring events of
high intensities lead to masking e ects that prevent any observation of an energy increase
of a low intensity onset. To circumvent these masking e ects detection functions were
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proposed that analyze the signal in a bandwise fashiof.00 to extract transients occurring
in certain frequency regions of the signal. As a side-e ect ba sudden energy increase,
there appears an accompanying broadband noise burst in thégnal's spectrum. This e ect
is mostly masked by the signal's energy in lower frequency ggons but well detectable in
the higher frequency regions[11§ of the spectrum. Here, logarithmic compression(100
and spectral whitening [167] are technigues for enhancing the high-frequency informatin.
Some of these approaches are employed for computing our ndiyecurves, see Section 2.3.

To derive the beat period and the tempo from a novelty curve, me strategy is to explicitly

determine note onset positions and then to reveal the struaire of these events. For
the selection of onset candidates, one typically employs @ picking strategies based on
adaptive thresholding [7]. Each pair of note onset positions then de nes an inter-onse

interval (IOl). Considering suitable histograms or probabilities of the occurring 10ls, one

may derive hypotheses on the beat period and tempf0; 37; 67; 159; 3B The idea is that

IOIs frequently appear at integer multiples and fractions d the beat period. Similarly,

one may compute the autocorrelation of the extracted onsetimes[61] to derive the beat

period. The drawback of these approaches is that they rely oran explicit localization of

a discrete set of note onsets|a fragile and error-prone step In particular, in the case

of weak and blurry onsets the selection of the relevant peaksf the novelty curve that

correspond to true note onsets becomes a di cult or even infasible problem.

Avoiding the explicit extraction of note onset, the novelty curves can directly be ana-
lyzed with respect to reoccurring or quasi-periodic pattens. Here, generally speaking,
one can distinguish between three di erent methods for measring periodicities. The au-

tocorrelation method allows for detecting periodic self-gmilarities by comparing a nov-

elty curve with time-shifted copies [31; 44; 145; 146; 160; 36 Another widely used

method is based on a bank of comb Iter resonators, where a naity curve is compared
with templates consisting of equally spaced spikes represting various frequencies[102;

154). Similarly, one can use a short-time Fourier transform[146; 147; 18F or a non-

stationary Gabor transform [89] to derive a frequency representation of the novelty curve.
Here, the novelty curve is compared with sinusoidal templaés representing speci ¢ fre-
guencies. Each of the methods reveals periodicities of thenderlying novelty curve, from

which one can estimate the tempo or beat. The characteristis of the periodicities typi-

cally change over time and can be visualized by means of speogram-like representations
referred to astempogram [21], rhythmogram [92], or beat spectrogram[54].

More challenging becomes the detection of periodic patters in the case that the music
recordings reveal signi cant tempo changes. This often oaars in performances of classical
music as a result of ritardandi, accelerandi, fermatas, andso on[37]. Furthermore, the
extraction problem is complicated by the fact that the notions of tempo and beat are
ill-de ned and highly subjective due to the complex hierarchical structure of rhythm [139;
66]. For example, there are various levels that contribute to the human perception of
tempo and beat. Typically, previous work focuses on determiing musical pulses on the
tactus (the foot tapping rate or beat [112)) level [44; 146; 3], but only few approaches exist
for analyzing the signal on the measure level61; 102; 148; 13[for ner tatum level [159;
141; 34. The tatum or temporal atom refers to the fastest repetition rate of musically
meaningful accents occurring in the signal13]. Various approaches have been suggested
that simultaneously analyze di erent pulse levels[148; 160; 27; 68; 102
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Novelty curve

Local spectral analysis

Tempogram

Predominant periodicity estimation

Sinusoidal kernels

Overlap-add synthesis

Accumulated curve

Half-wave recti cation

PLP curve

Figure 2.1: Flowchart of the steps involved in the PLP computation.

2.2 Overview of the PLP Concept

We now give an overview of the steps involved in the PLP compuation, see Figure 2.1
for a schematic overview and Figure 2.2 for an example. The jput of our procedure
consists of a spike-like novelty curve, see Figure 2.2a. Irhe rst step, we derive a time-
pulse representation, referred to astempogram by performing a local spectral analysis
of the novelty curve, see Figure 2.2b. Here, we avoid the exit determination of note
onsets, which generally is an error-prone and fragile step.Then, from the tempogram,
we determine for each time position the sinusoidal periodity kernel that best explains
the local periodic nature of the novelty curve in terms of pefod (frequency) and timing
(phase), see Figure 2.2c. Since there may be a number of o@ts among these kernels,
one usually obtains unstable information when looking at trese kernels in a one-by-one
fashion. Therefore, as one main idea of our approach, we usa averlap-add technique
by accumulating all these kernels over time to obtain a singt curve, see Figure 2.3b. In
a nal step, we apply a half-wave recti cation (only considering the positive part of the
curve) to obtain the mid-level representation we refer to agpredominant local pulse (PLP)
curve, see Figure 2.3c. As it turns out, such PLP curves are foust to outliers and reveal
musically meaningful periodicity information even when strting with relatively poor onset
information.

2.3 Novelty Curve

Our PLP concept is based on a novelty curve as typically useddr note onset detection
tasks. We now describe the approach for computing novelty cives used in our experi-
ments. In our variant, we combine ideas and fundamental conepts of various state-of-the-
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Figure 2.2: lllustration of the estimation of optimal periodicity kern els. (a) Novelty curve .
(b) Magnitude tempogram jT j with maxima (indicated by circles) shown at ve time positio ns t.
(c) Optimal sinusoidal kernels  (using a kernel size of 3 seconds) corresponding to the maxam
Note how the kernels capture the local peak structure of the nvelty curve in terms of frequency
and phase.

art methods [7; 100; 102; 18P Our novelty curve is particularly designed for also reveahg
meaningful note onset information for complex music, such s orchestral pieces dominated
by string instruments. Note, however, that the particular d esign of the novelty curve is
not the focus of this thesis. The mid-level representationsas introduced in the following
are designed to work even for noisy novelty curves with a poopeak structure. Naturally,
the overall result may be improved by employing more re ned rovelty curves as suggested
in [88; 189; 50.

Recall from Section 2.1 that a note onset typically goes alog with a sudden change of
the signal's energy and spectral content. In order to extrat such changes, given a music
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Figure 2.3: lllustration of the PLP computation from the optimal period icity kernels shown in
Figure 2.2c. (a) Novelty curve . (b) Accumulation of all kernels (overlap-add). (¢) PLP curve
obtained after half-wave recti cation.

recording, a short-time Fourier transform is used to obtaina spectrogram
X = (X (K1)t

with k 2 [1:K]Jandt 2 [1: T]. Here, K denotes the number of Fourier coe cients,
T denotes the number of frames, andX (k;t) denotes the k™" Fourier coe cient for time
frame t. In our implementation, the discrete Fourier transforms are calculated over Hann-
windowed frames of length 46 ms with 50% overlap. Consequegt each time parameter
t corresponds to 23 ms of the audio recording.

Note that the Fourier coe cients of X are linearly spaced on the frequency axis. Using
suitable binning strategies, various approaches switch @r to a logarithmically spaced fre-
quency axis, e.d., by using mel-frequency bands or pitch bais, see[100. Here, we keep
the linear frequency axis, since it puts greater emphasis othe high-frequency regions of
the signal, thus accentuating noise bursts that are typicaly visible in the high-frequency
spectrum. Similar strategies for accentuating the high frguency content for onset detec-
tion are proposed in[118; 23.

In the next step, we apply a logarithm to the magnitude spectiogram jXj of the signal
yielding
Y :=log(1+ C jXj)

for a suitable constant C > 1, see[100; 102. Such a compression step not only accounts
for the logarithmic sensation of sound intensity but also alows for adjusting the dynamic
range of the signal to enhance the clarity of weaker transiets, especially in the high-
frequency regions. In our experiments, we use the valu€ = 1000, but our results as well
as the ndings reported by Klapuri et al. [102 show that the speci ¢ choice ofC does not
e ect the nal result in a substantial way. The e ect of this ¢ ompression step is illustrated
by Figure 2.4 for a recording of Beethoven's Fifth Symphony.Figure 2.4a shows the piano
reduced version of the rst 12 measures of the score. The audirecording is an orchestral
version conducted by Bernstein. Figure 2.4c shows the magnide spectrogramjXj and
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Figure 2.4: First 12 measures of Beethoven's Symphony No.5 (Op.67)a) Score representation
(in a piano reduced version). (b) Annotated reference onsets (for an orchestral audio record
ing conducted by Bernstein). (c) Magnitude spectrogram jXj. (d) Logarithmically compressed
magnitude spectrogramY . (e) Novelty curve and local mean (red curve). (f) Novelty curve .

Figure 2.4d the compressed spectrograny using C = 1000. As a result of the logarithmic
compression, events with low intensities are considerablgnhanced inY, especially in the

high frequency range.

To obtain a novelty curve, we basically apply a rst order di erentiator to compute

the discrete temporal derivative of the compressed spectm Y.

In the following, we

only consider note onsets (positive derivative) and not noé o sets (negative derivative).
Therefore, we sum up only over positive intensity changes tabtain the novelty function
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Figure 2.5: lllustrating the e ect of the logarithmic compression on th e resulting novelty curves.
(&) Novelty curve based on the magnitude spectrograniX j (see Figure 2.4c).(b) Manually anno-
tated reference onsets.(c) Novelty curve based on the logarithmically compressed magnitude
spectrogramY (see Figure 2.4d).

[ T 1Y R:
X
(t):= iY(kit+1)  Y(kt)j o (2.1)

k=1
fort 2 [1:T 1], wherejxj o := x for a non-negative real numberx and jxj o := 0
for a negative real numberx. Figure 2.4e shows the resulting curve for the Beethoven
example. To obtain our nal novelty function , we subtractt he local mean (red curve
in Figure 2.4e) from and only keep the positive part (half-wave recti cation), see Fig-
ure 2.4f. In our implementation, we actually use a higher-oder smoothed di erentiator [2].
Furthermore, we process the spectrum in a bandwise fashionsing 5 bands. Similar as
in [154] these bands are logarithmically spaced and non-overlappan Each band is roughly
one octave wide. The lowest band covers the frequencies frofhHz to 500 Hz, the highest
band from 4000 Hz to 11025 Hz. The resulting 5 novelty curvesra@ summed up to yield
the nal novelty function.

The resulting novelty curve for our Beethoven example revels the note onset candidates in
the form of impulse-like spikes. Actually, this piece consitutes a great challenge for onset
detection as, besides very dominant note onsets in the fordisimo section at the beginning
of the piece (measures 1-5), there are soft and blurred notensets in the piano section
which is mainly played by strings (measures 6-12). This is &o re ected by the novelty

curve shown in Figure 2.4f. The strong onsets in the fortissno section result in very
pronounced peaks. The soft onsets in the piano section (sewds 8-13), however, are much
more di cult to be distinguished from the spurious peaks not related to any note onsets.
In this context, the logarithmic compression plays a major ole. Figure 2.5 compares the
novelty curve with a novelty curve directly derived from th e magnitude spectrogram
jXj without applying a logarithmic compression. Actually, omitting the logarithmic com-
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pression (Figure 2.5a) results in a very noisy novelty curvehat does not reveal musically
meaningful onset information in the piano section. The novéty curve (Figure 2.5b),
however, still possesses a regular peak structure in the pbtematic sections. This clearly
illustrates the bene ts of the compression step. Note that the logarithmic compression
of the spectrogram gives higher weight to an absolute interigy di erence within a quiet
region of the signal than within a louder region, which follovs the psychoacoustic prin-
ciple that a just-noticeable change in intensity is roughly proportional to the absolute
intensity [51]. Furthermore, the compression leads to a better temporal loalization of the
onset, because the highest relative slope of the attack phasapproaches the actual onset
position and noticeably reduces the in uence of amplitude danges (e.g. tremolo) in high
intensity regions. Further examples of our novelty curve ae discussed in Section 2.7.

The variant of a novelty curve described in this section comlnes important design princi-

ples and ideas of various approaches proposed in the literate. The basic idea of consid-
ering temporal di erences of a spectrogram representations well known from the spectral

ux novelty curve, see[7]. This strategy works particularly well for percussive note onsets
but is not suitable for less pronounced onsets (see FigureZa). One well known variant of

the spectral ux strategy is the complex domain methodas proposed in[8]. Here, magni-

tude and phase information is combined in a single novelty ctve to emphasize weak note
onsets and smooth note transitions. In our experiments, thdogarithmic compression has a
similar e ect as jointly considering magnitude and phase, lut showed more robust results
in many examples. Another advantage of our approach is that he compression constant
C allows for adjusting the compression. The combination of mgnitude compression and
phase information did not lead to a further increase in robusness.

2.4 Tempogram

A novelty curve typically reveals the note onset candidatesin the form of impulse-like
spikes. Because of extraction errors and local tempo variains, the spikes may be noisy
and irregularly spaced over time. Dealing with spiky novely curves, autocorrelation meth-
ods[44] as well as comb Iter techniques[154] may have di culties in capturing the quasi-
periodic information. This is due to the fact that spiky stru ctures are hard to identify by
means of spiky analysis functions in the presence of irregaitities. In such cases, smoothly
spread analysis functions such as sinusoids are better seil to detect locally distorted
quasi-periodic patterns. Therefore, similar to[146], we use a short-time Fourier transform
to analyze the local periodic structure of the novelty curves.

The novelty curve as described in Section 2.3 is simply a funion : [1: T]! R
indicating note onset candidates in the form of peaks, whergl : T] := f1;2;:::;Tg, for
someT 2 N, represents the sampled time axis with respect to a xed samjing rate. To
avoid boundary problems, we assume that is dened on Z by setting ( t) := 0 for
t2 Zn[l1:T]. Furthermore, we x a window function W :Z! R centered att = 0 with
support[ N : N]for someN F; N. In the following, we use a Hann window of size R +1,
which is normalized to yield ,, W(s t)=1forall s2 [1:T]. Then, for a frequency
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parameter! 2 R o, the complex Fourier coe cient F(t;! ) is de ned by

X .
F(t;!)= (n) Wh t) e?m (2.2)
n2zZ

Note that the frequency ! corresponds to the period £!. In the context of music, we
rather think of tempo measured in beats per minutes (BPM) than of frequency measured
in Hertz (Hz). Therefore, we use a tempo parameter satisfying the equation =60 ! .

Similar to a spectrogram, which yields a time-frequency repesentation, a tempogram is
a two-dimensional time-pulse representationindicating the strength of a local pulse over
time, see also[21; 144. Here, intuitively, a pulse can be thought of a periodic sequence
of accents, spikes or impulses. We specify the periodicityfa pulse in terms of a tempo

value (in BPM). Now, let R>o be a nite set of tempo parameters. Then, we model
a tempogram as a functionT :[1:T] I C dened by
T(t; )= F(t; =60): (2.3)

For an example, we refer to Figure 2.2b, which shows the maghide tempogramjT j for the
novelty curve shown in Figure 2.2a. Intuitively, the magnitude tempogram indicates for
each time position how well the novelty curve can be locally epresented by a pulse track
of a given tempo. Note that the complex-valued tempogram cotains not only magnitude
information, but phase information as well. In our experiments, we mostly compute T
using the set =[30 : 600] covering the (integer) musical tempi between 30 and 600 BPM.
Here, the bounds are motivated by the assumption that only eents showing a temporal
separation between roughly 100 ms (600 BPM) and 2 seconds (¥PM) contribute to the
perception of tempo[139. This tempo range requires a spectral analysis of high resaiion
in the lower frequency range. Therefore, a straightforwardFFT is not suitable. However,
since only relatively few frequency bands (tempo values) & needed for the tempogram,
computing the required Fourier coe cients individually ac cording to Eq. (2.2) has still a
reasonable computational complexity. Typically, we setW to be a Hann window with the
size N + 1 corresponding to 4-12 seconds of the audio. The overlap afdjacent windows
is adjusted to yield a frame rate of 5 Hz (ve frames per second For a more detailed
explanation and a general overview on di erent tempogram r@resentations, we refer to
Chapter 4.

2.5 Predominant Local Periodicity

We now make use of both, the magnitudes and the phases given y, to derive a mid-level
representation that captures the predominant local pulse (PLP) of the underlying music
signal. Here, the term predominant pulse refers to the pulse that is most noticeable in
the novelty curve in terms of intensity. Furthermore, our representation is local in the
sense that it yields the predominant pulse for each time posion, thus making local tempo
information explicit.

For eacht 2 [1 : T] we compute the tempo parameter ; 2 that maximizes the magnitude
of T(t; ):
= argmax jT (t; )j: (2.4)
2
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Figure 2.2b exemplarily shows the predominant local periottity ¢ for ve t 2 [1:T] of
the magnitude tempogram. The corresponding phasé ; is de ned by [123:

1 Re(T (t; 1))
'{!= —arccos ———— 2.5
' 2 @& ) (29
Using : and' ¢, the optimal sinusoidal kernel {:Z! R fort2 [1:T]is de ned as the
windowed sinusoid
t(n):= W(n t)cos(2 (n =60 ') (2.6)

for n 2 Z and the same window functionW as used for the tempogram computation in
Eq. (2.2). Figure 2.2c shows the ve optimal sinusoidal kerrels for the ve time parameters
indicated in Figure 2.2b using a Hann window of three secondslntuitively, the sinusoid

best explains the local periodic nature of the novelty curveat time position t with respect
to the set . The period 60 = corresponds to the predominant periodicity of the novelty
curve and the phase information’ ; takes care of accurately aligning the maxima of

and the peaks of the novelty curve. The properties of the kerals ; depend not only on
the quality of the novelty curve, but also on the window size N +1 of W and the set of
frequencies . Increasing the parameterN yields more robust estimates for ; at the cost
of temporal exibility. In the following, this duration is r eferred to askernel size (KS)

and is speci ed in seconds.

2.6 PLP Curve

The estimation of optimal periodicity kernels in regions with a strongly corrupted peak

structure is problematic. This particularly holds in the case of small kernel sizes. To make
the periodicity estimation more robust, our idea is to apply an overlap-add technique,

where we accumulate these kernels over all time positions tfiorm a single function instead

of looking at the kernels in a one-by-one fashion. Furthermoe, we only consider the
positive part of the resulting curve (half-wave recti cati on). More precisely, we de ne a
function :[1: T]! R ¢ as follows:

X
(n)= t(n) (2.7)

t2[1:T] 0

forn 2 [1:T], wherejxj o := x for a non-negative real numberx and jxj o := 0 for a
negative real numberx. The resulting function is our mid-level representation referred to
as PLP curve. Figure 2.3b shows the accumulated curve for the ve optimalperiodicity
kernels shown in Figure 2.2c. Note, how the maxima of the peodicity kernels not only
align well with the peaks of the novelty curve, but also with the maxima of neighboring
kernels in the overlapping areas, which leads to constructe interferences. Furthermore
note that, because of the normalization of the windowW (see Section 2.4), the values of
the curve lie in the interval [ 1;1] and a local maximum is close to the value one if and
only if the overlapping kernels align well. From this, the nal PLP curve is obtained
through half-wave recti cation, see Figure 2.3c.
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Note that taking the framewise maximum as in Eq. (2.4) has itsassets and drawbacks. On
the one hand, it allows the PLP curve to quickly adjust to even sudden changes in tempo
and in the dominating pulse level, see Figure 2.6 for an exame. On the other hand,
taking the framewise maximum may lead to unwanted jumps suchas random switches
between tempo octaves in the tempo trajectory de ned by the naximizing tempo param-
eter. Here, instead of simply using the context-independenframewise maximum, one may
use optimization techniques based on dynamic programmingd obtain a context-sensitive
smooth tempo trajectory [146; 3. Similarly, one may constrain the set of tempo pa-
rameters in the maximization covering only tempo parametes in a suitable neighborhood
of an expected (average) tempo value. Because of the subseui accumulation step, a
small number of outliers does not e ect the overall properties of the PLP curve. A larger
number of outliers or unwanted switches between tempo octass, however, may deterio-
rate the result. Our PLP framework allows for incorporating additional constraints and
smoothness strategies in the kernel selection to adjust theroperties of the resulting PLP
curve according to the requirements of a speci ¢ applicatim. The issue of kernel selection
will be further discussed in Section 2.7 and Section 2.9.6.

2.7 Discussion of Properties

We now discuss various properties of PLP curves based on reggentative examples to
demonstrate the bene ts of our concept. For an extensive quatitative analysis, we refer
to Section 2.9.

As rst example, we consider the Waltz No. 2 from Dimitri Shostakovich's Suite for Variety
Orchestra No.1. Figure 2.6a shows an excerpt (measures 25 ®6) of a piano reduced
version of the score of this piece. The audio recording in tis example is an orchestral
version conducted by Yablonsky. (The audio excerpt correspnding to measures 25 to 36
has a duration of ten seconds.) The manually annotated refemce onset positions in this
audio excerpt are indicated by the vertical lines in Figure 26b. The novelty curve for
this except is shown in Figure 2.6¢. Note that the peaks of tts curve strongly correlate
with the onset positions. However, the rst beats (downbeafs) in this 3=4 Waltz are played
softly by non-percussive instruments leading to relativey weak and blurred onsets, whereas
the second and third beats are played staccato supported by grcussive instruments. As a
result, the peaks of the novelty curve corresponding to dowheats are hardly visible or even
missing, whereas peaks corresponding to the percussive hgare much more pronounced.

Figure 2.6d shows the magnitude tempogram computed from thenovelty curve using
a kernel size KS = 3 sec. Obviously, this tempogram indicatesa signi cant tempo at
210 BPM throughout the audio excerpt, which actually corregponds to the quarter note
pulse (tactus level) of the piece. Note that this tempo is clarly indicated despite of
poor and missing peaks in the novelty curve. Furthermore, tle magnitude tempogram
additionally reveals high intensities at 420 BPM, which coresponds to the double tempo
or eighth note pulse (tatum) level of the piece. Looking at the score, one would expect
a predominant tempo which corresponds to the tactus level (sore reveals quarter note
pulse) for measures 25-28, 3B2 and 3536 and to the tatum level (score reveals eighth
note pulse) for measures 2830 and 33-34. Indeed, this is exactly re ected by the lines
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Figure 2.6: Excerpt of Shostakovich's Waltz No. 2 from the Suite for Variety Orchestra No. 1. (a)
Score representation of measures 25 to 36 (in a piano reducedrsion). (b) Annotated reference
onsets (for an orchestral audio recording conducted by Yaldnsky). (c) Novelty curve . (d)
Magnitude tempogram jT j using =[30:600]. (e) Magnitude tempogram jT j with indication of
the predominant tempo. (f) PLP curve .

in Figure 2.6e, which indicate the predominant tempo (maximum intensity) for each time
position. Note that one has a pulse level switch to the tatum Evel exactly for the seconds
4-5 (measures 2830) and seconds 7-8 (measures 334).

The PLP curve shown in Figure 2.6f is obtained from the local tempo estimates. Note
that the predominant pulse positions are clearly indicatedby the peaks of the PLP curve
even though some of the expected peaks where missing in theiginal novelty curve. Also,
the switches between the tactus and tatum level are capturedy the PLP curve. In other
words, the PLP curve can be regarded as a local periodicity drancement of the original
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Figure 2.7: Magnitude tempogram and resulting PLP curve using a constréned tempo set for
the Shostakovich example shown in Figure 2.6Left: =[100 : 300] (quarter note tempo range).
Right:  =[300 : 500] (eighth note tempo range).

novelty curve, where the predominant pulse level is taken ito account. Although our
concept is designed to reveal such locally predominant infonation, for some applications
the local nature of these estimates might not be desirable. Atually, our PLP framework
allows for incorporating prior knowledge on the expected tenpo range to exhibit informa-
tion on di erent pulse levels. Here, the idea is to constrainthe set of tempo parameters
in the maximization, see Eq. (2.4). For example, using a corisained set = [100 : 300]
instead of the original set = [30 : 600], one obtains the tempogram and PLP curve shown
in Figure 2.7 on the left. In this case, the PLP curve correcty reveals the quarter note
(tactus) pulse positions with a tempo of 210 BPM. Similarly, using the set =[300 : 500]
reveals the eighth (tatum) note pulse positions and the coresponding tempo of 420 BPM,
see Figure 2.7 on the right. In other words, in the case theresia dominant pulse of (pos-
sibly varying) tempo within the speci ed tempo range , the P LP curve yields a good
pulse tracking on the corresponding pulse level.

As second example, we again consider the orchestral versi@mf Beethoven's Fifth Sym-
phony conducted by Bernstein. Figure 2.8a shows the piano drced version of the rst
12 measures of the score. Recall that this piece constitutes great challenge for novelty
detection as there are soft and blurred note onsets in the pi@o section which is mainly
played by strings. In particular, the height of a peak in the resulting novelty curve (see
Figure 2.8b) is not necessarily a good indicator for the releance of the peak. However,
even though corrupted, the peak structure still possessesome local periodic regularities.
These regularities are captured by the periodicity kernelsand revealed in the magnitude
tempogram shown in Figure 2.8c. Here, at the beginning (secw O to 6), a tempo of
roughly 280 BPM dominates the tempogram. During the second drmata (second 6-7)
the tempogram does not show any pronounced tempo. Howevernithe piano section,
the tempogram again indicates a dominating tempo of roughly300 BPM, which actually
corresponds to the eighth note pulse level. Finally, Figure2.8d shows the PLP curve .
Note that the peaks of align well with the musically relevant onset positions. While
note onset positions in the fortissimo section can be direty determined from the original
novelty curve, this becomes problematic for the onsets in tB piano section. However,
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Figure 2.8: First 12 measures of Beethoven's Symphony No. 5 (Op. 67)a) Piano reduced version
of the score. (b) Novelty curve . (c) Magnitude tempogram jTj. (d) PLP curve .

exploiting that the note onsets lie on a local rhythmic grid, the PLP curve is capable of
capturing meaningful onset information even in the piano pasage.

As another important property of our concept, a PLP curve not only reveals positions of
predominant pulses but also indicates a kind of con dence inthe estimation. Note that
the amplitudes of the periodicity kernels do not depend on tle amplitude of the novelty
curve. This makes a PLP curve invariant under changes in dynenics of the underlying
music signal. Recall that we estimate the periodicity kernés using a sliding window
technique and add up the kernels over all considered time pdsns. Since neighboring
kernels overlap, constructive and destructive interfereime phenomena in the overlapping
regions in uence the amplitude of the resulting PLP curve . Consistent local tempo
estimates result in consistent kernels, which in turn prodice constructive interferences in
the overlap-add synthesis. In such regions, the peaks of thBLP curve assume a value
close to one. In contrast, random local tempo estimates resuin inconsistent kernels,
which in turn cause destructive interferences and lower vales of . In Figure 2.8d, this
e ect is visible in the fermata section (seconds 5 to 8). In Setion 2.9.4, we show how this
property of PLP curves can be used to detect problematic pasmes in audio recordings.

Finally, we give a rst indication in which way our PLP concept is capable of capturing
local tempo changes. To this end, we distinguish between twdypes of tempo changes.
The rst type concerns moderate and continuous tempo changs as typically implied by
an accelerando or ritardando. To simulate such tempo change we generated a pulse train
of increasing tempo in the rst half and of decreasing tempo n the second half. Figure 2.9
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Figure 2.9: Behavior of PLP curves under continuous tempo changes (actarando, ritardando).
(&) Impulse train of increasing tempo (80 to 160 BPM, rst part) a nd decreasing tempo (160 to
80 BPM, second part). (b) Magnitude tempogram jT j for KS = 4 sec. (c) PLP curve.

shows the resulting novelty curve, the magnitude tempogramand the PLP curve. As this
example indicates, the PLP curve captures well such types afontinuous tempo changes|
even the amplitude of the PLP curve indicates a high con den@ of the estimation. The
second type concerns strong local tempo distortions as fouhin highly expressive music
(e.g. romantic piano music). To simulate such tempo changeswe rst generated a pulse
train of constant tempo (160 BPM) and then locally displaced the impulses in a random
fashion. Figure 2.10 shows the resulting novelty curve, themagnitude tempogram, and
the PLP curve. As this example indicates, the PLP curve failsto capture such extreme
distortions|also note the low con dence values. This is not surprising since our PLP
concept relies on the assumption of a locally quasi-periodibehavior of the signal. Using
a constrained tempo set =[110: 220] (similar e ects are obtained by using a context-
sensitive smooth tempo trajectory, see Section 2.9.6), onebtains an improved PLP curve
as shown in Figure 2.10d. However, note that the quasi-peridically spaced peaks of the
PLP curve often deviate from the real pulse positions. In Setion 2.9, we will further
discuss these issues using romantic piano music as extremeaenple.

2.8 lterative Re nement of Local Pulse Estimates

In this section, we indicate how the PLP concept can be applid in an iterative fashion
to stabilize local tempo estimations. As example, we consiglr Brahm's Hungarian Dance
No.5. Figure 2.11 shows a piano reduced score of measures3®-The audio recording is
an orchestral version conducted by Ormandi. This excerpt isvery challenging because of
several abrupt changes in tempo. Additionally, the novelty curve is rather noisy because
of many weak note onsets played by strings. Figure 2.11a-c slv the extracted novelty
curve, the tempogram, and the extracted tempo, respectivgl. Despite of poor note onset
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Figure 2.10: Behavior of PLP curves under strong local tempo distortions (a) Impulse train of
constant tempo (160 BPM) with random local distortions. (b) Magnitude tempogram jTj. (c)
PLP curve. (d) PLP curve for the constrained tempo set =[110 : 220]. Ground-truth pulse
positions are indicated by vertical lines.

information, the tempogram correctly captures the predomnant eighth note pulse and the
tempo for most time positions. A manual inspection reveals hat the excerpt starts with

a tempo of 180 BPM (measures 26-28, seconds 0-4), then abruyptchanges to 280 BPM
(measures 29-32, seconds 4-6), and continues with 150 BPM @asures 33-38, seconds
6-18).

Due to the corrupted novelty curve and the rather di use temp ogram, the extraction of the
predominant sinusoidal kernels is problematic. However, ecumulating all these kernels
leads to an elimination of many of the extraction errors. The peaks of the resulting PLP
curve (Figure 2.12a) correctly indicate the musically rel evant eighth note pulse positions
in the novelty curve. Again, the lower amplitude of in the re gion of the sudden tempo
change indicates the lower con dence in the periodicity edtmation. As noted above, PLP
curves can be regarded as a periodicity enhancement of theigmal novelty curve. Based
on this observation, we compute a second tempogram now basesh the PLP instead of
the original novelty curve. Comparing the resulting tempogam (Figure 2.12b) with the
original tempogram (Figure 2.11b), one can note a signi cam cleaning e ect, where only
the tempo information of the dominant pulse (and its harmonics) is maintained. This
example shows how our PLP concept can be used in an iterativadmework to stabilize
local tempo estimations. Finally, Figure 2.13a shows the maually generated ground truth
onsets as well as the resulting tempogram (using the onsetssadealized novelty curve).
Comparing the three tempograms and local tempo estimates ofigure 2.11, Figure 2.12,
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Excerpt of an orchestral version conducted by Ormandy of Brams's Hungarian

Dance No. 5. The score shows measures 26 to 38 in a piano reddeersion. (a) Novelty curve .
(b) Tempogram derived from using KS =4 sec. (c) Estimated tempo.

and Figure 2.13 again indicates the robustness of PLP curvet noisy input data and

outliers.

2.9 Experiments

In the last sections, we have discussed various propertied the PLP concept by means
of several challenging music examples. In this section, weeport on various experiments
to demonstrate how our PLP concept can be applied for improwg and stabilizing tempo
estimation and beat tracking. We start with describing two baseline experiments in the
context of tempo estimation and note onset detection (Sectin 2.9.1). We then continue
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Figure 2.12: PLP concept applied in an iterative fashion for the Brahms example as shown in
Figure 2.11. (a) PLP curve . (b) Tempogram derived from using KS = 4 sec. (c) Estimated
tempo.

with describing our datasets which consist of real audio magrial and are used in the subse-
guent experiments (Section 2.9.2), report on our extensivéempo estimation experiments
(Section 2.9.3), and show how our PLP concept can be used to rasure the con dence
of the estimated tempo values (Section 2.9.4). Subsequentlwe address the task of beat
tracking, which extends tempo estimation in the sense that i additionally considers the
phase of the pulses. In Section 2.9.5, we start by reviewing state-of-the-art beat tracker
used in our experiments. Then we report on various experimes, showing that the com-
bined usage of PLP curves with original novelty information signi cantly improves beat
tracking results (Section 2.9.6). Finally, we introduce a rovel beat tracking evaluation
measure that considers beats in their temporal context (Sewn 2.9.7).

2.9.1 Baseline Experiments

Before describing our evaluation based on real audio data, & report on two baseline
experiments. Firstly, we describe a baseline experiment tisg synthesized audio material,
where we show that our PLP concept can locally estimate the tepo even in the presence
of continuous tempo changes. This extends previous approhes to tempo estimation[47;

121] where often one global tempo for the entire recording is detenined and used for the

evaluation. Secondly, we describe a baseline experiment taote onset detection, showing
that the PLP curves reveal musically meaningful pulse posiions.
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Figure 2.13: Ground truth representation for the Brahms example as shownin Figure 2.11 and
Figure 2.12. (a) Ground-truth pulses. (b) Tempogram derived from these pulses using KS = 4 sec.
(c) Estimated tempo.

Baseline Experiment to Tempo Estimation

In Section 2.7, we indicated that our PLP concept can handle ontinuous tempo changes,
see also Figure 2.9. We now give a quantitative evaluation t@on rm this property. To this
end, we use a representative set of ten pieces from the RWC migsdatabase[64] consisting
of ve classical pieces, three jazz, and two popular piecessee Table 2.1 (rst column).
The pieces have di erent instrumentations containing peraissive as well as non-percussive
passages of high rhythmic complexity. Using the MIDI les supplied by [64], we manually
determined the pulse level that dominates the piece (makinghe simplistic assumption
that the predominant pulse does not change throughout the pece) and set the tempo
to a constant value with regard to this pulse, see Table 2.1 (scond and third columns).
The resulting MIDI les are referred to as original MIDIs . To simulate continuous tempo
changes as implied by accelerandi and ritardandi, we dividé the original MIDIs into 20-
seconds segments and alternately applied to each segment antinuous speed up or slow
down (referred to aswarping procedure) so that the resulting tempo of the dominant pulse
uctuates between +30% and 30% of the original tempo. The resulting MIDI les are
referred to asdistorted MIDIs. Finally, audio les were generated from the original and
distorted MIDIs using a high-quality synthesizer.

To evaluate the tempo extraction capability of our PLP concept, we proceed as follows.
Given an original MIDI, let  denote the tempo and let be the set of integer tempo
parameters covering the tempo range of 40% of the original tempo . This coarse tempo
range re ects the prior knowledge of the respective pulse leel (in this experiment, we do
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original MIDI distorted MIDI

Piece Tempo Level 4 6 8 12 4 6 8 12
C003 360 1/16 | 745 816 837 854|739 811 833 86.2
C015 320 1/16 | 714 785 825 89.2/618 673 712 76.0
C022 240 1/8 959 100.0 100.0 100.0 95.0 98.1 994 89.2
C025 240 1/16 |99.6 100.0 100.0 100.0 99.6 100.0 100.0 96.2
C044 180 1/8 95.7 100.0 100.0 100.0 82.6 854 774 59.8
Joo1 300 1/16 |43.1 540 60.6 67.4|378 484 527 527
Jo38 360 1/12 | 98.6 99.7 100.0 100.0 99.2 99.8 100.0 96.7
Jo41 315 1/12 | 974 984 992 99.7/958 966 97.1 955
P0O31 260 1/8 922 930 936 947|927 93.7 939 935
P093 180 1/8 97.4 100.0 100.0 100.9 96.4 100.0 100.0 100.0
average: 86.6 90.5 920 936|835 87.1 875 846
average (after iteration): | 89.2 92.0 93.0 95.2/86.0 88.8 885 831

Table 2.1:  Percentage of correctly estimated local tempi using origial MIDI les (constant
tempo) and distorted MIDI les for di erent kernel sizes KS = 4;6;8;12 sec.

not want to deal with tempo octave confusions) and compriseghe tempo values of the
distorted MIDI. Based on , we compute for each time position t the maximizing tempo
parameter ; 2 as de ned in Eq. (2.4) for the original MIDI using various ke rnel sizes.
We consider the local tempo estimate ; correct, if it falls within a 2% deviation of the
original tempo . The left part of Table 2.1 shows the percentage of correctlyestimated
local tempi for each piece. Note that, even having a constantempo, there are time
positions with incorrect tempo estimates. Here, one reasoris that for certain passages
the pulse level or the onset information is not suited or simfy not su cient for yielding
good local tempo estimations, e.g., caused by musical rests local rhythmic o sets. For
example, for the pieceC003(Beethoven's Fifth), the tempo estimation is correct for 74:5%
of the time parameters when using a kernel size (KS) of 4 sec. ssuming a constant tempo,
it is not surprising that the tempo estimation stabilizes when using a longer kernel. In
case ofC003 the percentage increases to 88% for KS = 12 sec.

In any case, the tempo estimates for the original MIDIs with constant tempo only serve
as reference values for the second part of our experiment. g the distorted MIDIs, we

again compute the maximizing tempo parameter ; 2 for each time position. Now, these

values are compared to the time-dependent distorted tempoalues that can be determined
from the warping procedure. Analogous to the left part, the right part of Table 2.1 shows
the percentage of correctly estimated local tempi for the dstorted case. The crucial point
is that even when using the distorted MIDIs, the quality of the tempo estimations only
slightly decreases. For example, in the case €003 the tempo estimation is correct for
73.:9% of the time parameters when using a kernel size of 4 sec (cpared to 745% in the

original case). Averaging over all pieces, the percentageedreases from 8% (original

MIDIs) to 83:5% (distorted MIDIs), for KS = 4 sec. This clearly demonstrates that our
concept allows for capturing even signi cant tempo changes As mentioned above, using
longer kernels naturally stabilizes the tempo estimation n the case of constant tempo.
This, however, does not hold when having music with constary changing tempo. For
example, looking at the results for the distorted MIDI of C044 (Rimski-Korsakov, The

Flight of the Bumble Bee), we can note a drop from 826% (4 sec kernel) to 598% (12 sec
kernel).



32 CHAPTER 2. PREDOMINANT LOCAL PULSE ESTIMATION

Furthermore, we investigated the iterative approach alrealy sketched for the Brahms
example in Section 2.8. Here, we use the PLP curve as basis faomputing a second
tempogram from which the tempo estimates are derived. As inttated by the last line
of Table 2.1, this iteration indeed yields an improvement fo the tempo estimation for
the original as well as the distorted MIDI les. For example, in the distorted case with
KS = 4 sec the estimation rate raises from 8%% (tempogram based on ) to 86:0%
(tempogram based on ).

Baseline Experiment to Onset Detection

As discussed in Section 2.7, a PLP curve can be seen as a locaripdicity enhancement of
the original novelty curve where the peaks of the PLP curve idlicate likely pulse positions.
We now describe an application of our PLP concept to the task bonset detection in order
to evaluate the quality of the PLP peaks.

Recall from Section 2.1 that most approaches for onset detéion proceed in two steps.
First, a novelty curve is extracted from the given music sig nal. Then, to determine the
note onsets, one tries to locate the positions of relevant ks of . For music with soft
note onsets or strong uctuation such as vibrato, however, he discrimination of relevant
and spurious peaks becomes nearly impossible. Here, additial model assumptions on
the rhythmic nature of the music signal may be exploited to sypport note onset detection.
The musical motivation is that the periodic structure of notes plays an important role
in the sensation of note onsets. In particular, weak note onsts may only be perceptible
within a rhythmic context. For example, in [34] a global rhythmic structure is determined
in terms of |0l statistics of previously extracted note onsd candidates. Then, assuming
constant tempo, this structure is used to determine the relgant onset positions.

Following these lines, we also exploit the quasi-periodic ature of note onsets in our PLP-
based enhancement strategy. However, in our approach, we aid the fragile peak picking
step at an early stage. Furthermore, we do not presuppose agbal rhythmic structure but
only assume local periodicity thus allowing tempo changesMore precisely, given a novelty
curve , we compute a PLP curve . Being local quasi-periodic , the peak positions of
de ne a grid of pulse positions where note onset positions a@rlikely to occur. Furthermore,
the peak structure of is much more pronounced thanin . Actu ally, the peaks are simply
the local maxima and peak picking becomes a straightforwardask. Assuming that note
onsets are likely to lie on the PLP-de ned grid, we select allpeak positions of as detected
onsets.

We compare the pulse positions obtained from the PLP-curve \ith the onsets extracted
from the novelty curve using a peak picking strategy[7]. In the experiment, we use
two evaluation datasets containing audio recordings alongwith manually labeled onset
positions used as reference onsets. The rst dataset is puisly available [113 and has been
used in the evaluation of various onset detection algorithns, e.g.,[189. This dataset, in
the following referred to asPUBLIC consists of 242 seconds of audio (17 music excerpts of
di erent genre) with 671 labeled onsets. The second datasegparticularly contains classical
music with soft onsets and signi cant tempo changes. This déaset, in the following
referred to asPRIVATEconsists of 201 seconds of audio with 569 manually labeledhsets.
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PUBLIC PRIVATE
Curve KS P R F P R F
0.783 0.821 0.793| 0.694 0.732 0.698
4sec | 0.591 0.933 0.695| 0.588 0.913 0.679
6 sec | 0.599 0.955 0.705| 0.599 0.907 0.689
8 sec | 0.597 0.944 0.701| 0.588 0.877 0.674

Table 2.2:  Mean precision P, recall R, and F-measure F values for the omes$ detection task using
the novelty curve and PLP curves of kernel sizes KS =4 ;6;8 sec.

Following the MIREX 2011 Audio Onset Detection evaluation procedure', each reference
onset is considered acorrect detection (CD) if there is a detected onset within an error
tolerance of 50 ms, otherwise dalse negative (FN). Each detected onset outside of all
tolerance regions is called dalse positive (FP). The corresponding number of onsets is
denoted NCD, NFN, and NFP, respectively. From this one obtains the precision, recall,
and F-measure de ned by

NCD NCD _2PR.

‘R = . =
NCD + NFP ’ NCD + NFN '’ P+R

These values are computed separately for each piece. The haalues are obtained by
averaging over all pieces of the respective dataset.

P=

(2.8)

Table 2.2 shows the resulting average P, R, and F values for # original novelty curve

as well as for the PLP curve using periodicity kernels of di erent sizes. As the results
show, our PLP-concept indeed reveals musically meaningfydulse positions. For example,
using the PLP curve with a kernel size 4 seconds instead of tle original novelty curve ,
the mean recall R increases from 821 to 0933 for the PUBLICset and from 0732 to 0913
for the PRIVATEset. This shows that a vast majority of the relevant note onsés indeed
lie on the PLP-de ned pulse grid. Especially for the PRIVATEset, the PLP curve allows
for inferring a large number of soft note onsets that are missd when using the original
novelty curve. On the other side, the precision values for ae lower than those for .
This is not surprising, since in our PLP-based approach we dect all peak positions of .
Even though most note onsets fall on PLP peaks, not all PLP peks necessarily correspond
to note onsets. For example, in the Shostakovich example sk in Figure 2.6, the PLP
curve infers three onset positions for measures 31 and 35,9 ectively. In these measures,
however, the second beats correspond to rests without any me onsets. Similarly, in
our Beethoven example shown in Figure 2.8d, the fermata pasge is periodically lled
with non-relevant pulses. On the other hand, all relevant orsets in the soft piano section
(measures 8-13) are identi ed correctly. These string ongs can not be recovered correctly
using the original novelty curve. This experiment indicates that our PLP curve indeed
reveals musically meaningful pulse positions. As a consequce, our concept allows for
recovering soft note onsets.

Finally, we look at the in uence of the kernel size on the detetion quality. Here, note
that most of the excerpts in the PUBLICdataset have a constant tempo. Therefore, using
a kernel size of 6 seconds instead of 4 seconds, the kernelimsttion is more robust leading
to an increase of recall (fromR = 0:933 to R = 0:955). Contrary, the PRIVATEataset

Lhttp://www.music-ir.org/mirex/wiki/2011:Audio _Onset_Detection
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Audio Length Beats Unannotated Mean Tempo Std. Tempo

Dataset [#] [sec] [#] [sec] [BPM] [%0]

BEATLES 179 28831 52729 1422 116.7 3.3
RW®OP 100 24406 43659 0 111.7 11
RWQAZZ 50 13434 19021 0 89.7 45
RWLLASSIC 61 19741 32733 725 104.8 15.2
MAZURKA 298 45177 85163 1462 126.0 24.6

Table 2.3: The ve beat-annotated datasets used in our experiments. Tl rst four columns
indicate the name, the number of audio recordings, the totallength, and the total number of
annotated beat positions.

contains classic music with many tempo changes. Here, kertgeof smaller sizes are better
suited for adjusting the local periodicity estimations to the changing tempo.

2.9.2 Audio Datasets

For our subsequent experiments and evaluations, we use veidrent datasets that consists
of real audio recordings (opposed to the synthesized audio aterial used in Section 2.9.1)
and comprise music of various genres and complexities. Fotlaudio recordings, manually
generated beat annotations are available. The rst collecion BEATLESonsists of the 12
studio albums by \The Beatles" containing a total number of 179 recording® of Rock/Pop
music [119. Furthermore, we use audio recordings from the RWC Music Daabase[64],
which consists of subcollections of di erent genres. From liis database, we use the three
subcollections RW®OP RWLCLASSIC and RWJAZZ containing a total number of 211
recordings. Our fth dataset MAZURK&®nsists of piano recordings taken from a collection
of 2700 recorded performances for the 49 Mazurkas by Fedic Chopin. These recordings
were collected in the Mazurka Projec®. For 298 of the 2700 recordings, manually generated
beat annotations exist, which have been previously used fothe purpose of performance
analysis[152. The datasetMAZURKANsists of exactly these 298 recordings (corresponding
to ve of the 49 Mazurkas).

Table 2.3 gives an overview of the ve di erent datasets. The rst four columns of the table
indicate the name of the dataset, the number of contained auib recordings, the total length
of all audio recordings, and the total number of annotated beat positions. Some recordings
contain passages where no meaningful notion of a beat is paivable. For example, the
datasets MAZURKahd RWLCLASSIContain some audio les with long passages of silence.
Furthermore, in BEATLESsome songs contain noise-like improvisational passageshere
the musicians refrain from following any rhythmic pattern. All these passages have not
been annotated and are left unconsidered in our evaluationif not stated otherwise). The
fth column (Unannotated) of Table 2.3 indicates the total | ength of the unannotated
passages.

From the beat positions, one can directly derive the local tenpo given in beats per minute

2Actually, there are 180 songs, but for the song \Revolution 9 " no annotations were available. This
song is a collage of vocal and music sound clips without any meningful notion of a beat.
3http://mazurka.org.uk/
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Dataset 4sec 6sec 8sec 12 sec
BEATLES 941 954 95.9 96.3
RW®OP 95.3 96.7 97.3 98.0

RWQAZZ 81.8 854 86.6 87.2
RWLLASSIC 704 709 70.3 68.7
MAZURKA 445 401 373 34.3

Table 2.4: Percentage of correctly estimated local tempi ( 4% tolerance) for the ve datasets
using the kernel sizes KS = 46; 8;12 sec.

(BPM). The last two columns of Table 2.3 indicate the piecewse mean tempo (in BPM)
and standard deviation (in percent) averaged over all recadings of the respective dataset.
Note that popular music is often played with constant tempo. This is also indicated by
the small values for the standard deviation (e. g., 11% for RW@OW. In contrast, classical
music often reveals signi cant tempo changes, which is indiated by higher values for the
standard deviation (e. g., 152% for RWKCLASSIE These changes can be abrupt as a result
of a changing tempo marking (e. g., fromAndante to Allegro) or continuous as indicated
by tempo marks such as ritardando or accelerando. Another aoce for tempo changes
is the artistic freedom a musician often takes when interpréing a piece of music. In
particular, for romantic piano music such as the Chopin Mazukas, the tempo consistently
and signi cantly changes from one beat to the next, resulting in pulse sequences similar
to the one shown in Figure 2.10a.

2.9.3 Tempo Estimation Experiments

Continuing the evaluation of Section 2.9.1, we now analyzelie tempo estimation capability
of our approach on the basis of real audio recordings. To thiend, we generate a reference
tempo curve for each audio recording of our datasets from thavailable beat annotations.
Here, we rst compute the local tempo on the quarter-note lewel, which is determined by
the given inter-beat intervals. The regions before the rst beat and after the last beat
are left unconsidered in the evaluation. As the tempo value®n such a ne temporal level
tend to be too noisy, we further smooth the resulting tempo vdues by considering for
each time position the averaged tempo over a range of three osecutive beat intervals.
Using the same sampled time axis [1 T] as in Section 2.4, we obtain a tempo curve
R:[A:T]! R o that encodes the local reference tempo for each time positio Now,
for each time positiont, we compute the maximizing tempo parameter { 2 as de ned
in Eq. (2.4). Leaving the problem of tempo octave confusion nconsidered, we say that
an estimated local tempo  is correct, if it falls within 4% of an integer multiple*

used in[47]. For each recording, we then compute the percentage of corcdly estimated
tempi and average these values over all recordings of a givatataset.

4In general, confusion with integer fractions k 2 [1=2; 1=3; 1=4; : : :] of the tempo may occur, too. How-
ever, it can be shown that Fourier-based tempograms (as oppcsed to, e.g. autocorrelation-based tem-
pograms) respond to tempo harmonics (integer multiples) bu t suppress tempo subharmonics (integer frac-
tions), see Chapter 4. Since we use Fourier-based tempogram, we only consider confusion with tempo
harmonics.
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Table 2.4 shows the evaluation results of the local tempo eshation for the ve datasets
and for di erent kernel sizes. For popular music, one generdy obtains high estimation
rates, e.g., an average rate of 94% for BEATLESNnd 953% for RW{®OPwhen using a
kernel size (KS) of 4 seconds. Having constant tempo for mogparts, the rates even
increase when using longer kernel sizes. For thRWQJAZZ dataset, the rate is 818%
(KS = 4 sec). This lower rate is partly due to passages with sdf onsets and complex
rhythmic patterns. Using longer kernels, the tempo can be coectly identi ed even for
some of these passages leading to a signi cantly higher ratef 87.2% (KS = 12 sec).
The situation becomes more complex for classical music, whe one has much lower rates,
e.g., 704% (KS = 4 sec) for RWKCLASSIC Here, a manual inspection reveals two major
reasons leading to degradations in the estimation rates. Tl rst reason is again the
existence of passages with soft onsets|here, longer kernekizes help in stabilizing the
tempo estimation. The second reason is that for many recoraigs of classical music one
has signi cant local tempo uctuation caused by the artisti ¢ freedom a musician takes.
In such passages, the model assumption of local quasi-pedigity is strongly violated|
even within a window of 4 seconds the tempo may signi cantly bange by more than 50%
percent, see also Figure 2.10. Here, it is di cult for the local periodicity kernels to capture
meaningful periodic behavior. For such passages, increagj the kernel size has a negative
e ect on the tempo estimation. In other words, the increase @ the kernel size is bene cial
for the rst type of degradation and detrimental for the second type of degradation. For
RW{CLASSICthese two e ects neutralize each other yielding similar esmation rates for all
kernel sizes. However, for theMAZURKdataset, one mainly has to deal with degradations
of the second type. Containing highly expressive romantic @no music, the estimation
rate is 445% when using KS = 4 sec. The rate becomes even worse when inasing the
kernel size, e.g., 38% for KS = 12 sec. This type of music reveals the limitations
a purely onset-based tempo estimation approach|actually, for such music the notion of
local tempo becomes problematic even from a musical point ofiew, see Section 2.9.4 for
a continuation of this discussion.

2.9.4 Condence and Limitations

The results for the local tempo estimation signi cantly degrade in the case that the as-
sumption of local quasi-periodicity is violated. We now shav how the PLP concept allows
for detecting such problematic passages automatically. Asnentioned in Section 2.7, con-
structive and destructive interference phenomena in the oerlap-add synthesis in uence
the amplitude of the resulting PLP curve :[1: T]! [O;1]. Locally consistent tempo es-
timations result in amplitude values for the peaks close to ae, whereas inconsistent kernel
estimations result in lower values. We now exploit this property of to derive a con dence
measure for the tempo estimation. To this end, we x a con dence threshold 2 [0; 1]
and a length parameter . Then, atime interval I [1:T] of length is calledreliable if
all peaks (local maxima) of positioned in | have a value above , otherwisel is called
unreliable. The idea is that when | contains at least one peak of lower amplitude, there
are inconsistent kernel estimates that make a tempo estimaon in | unreliable. Finally,
we de ne the subsetl (; ) [1:T]to be the union of all reliable intervals of length

We show that | (; ) indeed corresponds to passages yielding reliable tempot&sates by
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Database 0.95 0.90 0.80 0.70 0 (All)
BEATLES 985 (59.4) 98.1 (62.9) 97.5 (64.3) 97.2 (66.2) 89.0 (100)
RW®OP 99.5 (66.5) 99.2 (67.2) 99.1 (69.3) 98.8 (72.5) 92.8 (100)

RWOAZZ 94.2 (35.0) 91.4 (40.0) 89.8 (43.8) 89.6 (47.4) 79.0 (100)
RWECLASSIC 89.4 (31.4) 84.7 (38.5) 82.4 (43.7) 81.8 (47.1) 67.6 (100)
MAZURKA  74.1 (6.4) 69.2 (11.8) 65.6 (17.8) 62.4 (22.0) 42.0 (100)

Table 2.5:  Percentage of correctly estimated local tempi for the ve daasets using restricted
regionsl (; ). The parameters are =KS =4secand =0:95;0:90;0:80;0:70. The unrestricted
case (last column) corresponds to = 0. The relative size of I (; ) (in percent) is specied in
parentheses.

conducting experiments based on the ve datasets of Table 3. This time, we include all
time positions in the evaluation, even the previously exclded regions without any beat
annotations and the regions before the rst and after the lag beats. Since no meaningful
tempo can be assigned to these regions, all estimates withithese regions are considered
wrong in the evaluation. Here, our motivation is that these regions should automatically
be classi ed as unreliable. The last column of Table 2.5 showthe estimation rates using a
kernel size of 4 sec. Naturally, including unannotated regins, the rates are lower compared
to the ones reported in the rst column of Table 2.4. For exampe, for the datasetBEATLES
one now has a rate of 8®% instead of 941%.

In our experiments, we use an interval length of = 4 sec corresponding to the kernel
size KS =4 sec. We then computd (; ) for a xed threshold and evaluate the tempo
estimates only on the restricted regionl (; ) [1:T]. Table 2.5 shows the percentages of
correctly estimated local tempi within 1 (; ) for various thresholds 2 f 0:95; 0:9; 0:8; 0:7g.
Furthermore, the size of I (; ) relative to [1 : T] is indicated in parentheses (given in
percent). For example, for the datasetBEATLEShe restricted regionl (; ) with =0:95
covers in average 581% of all time positions, while the estimation rate amounts o 985%.
Lowering the threshold , the region| (; ) increases, while the estimation rate decreases.
The values of the last column can be seen as the special case= 0 resulting in the
unrestricted casel (; )=[1: T].

Also, for the other datasets, the estimation rates signi cantly improve when using the
restricted region 1 (; ). In particular, for RW{POP the estimation error drops to less
than one percent when using  0:8, while still covering more than two thirds of all time
positions. Actually, for popular music, most of the unreliable regions result from pulse
level changes (see Figure 2.6f) rather than poor tempo estiates. Also, for the classical
music datasetRWLLASSICthe estimation rates increase signi cantly reaching 8%4% for

= 0:95. However, in this case the restricted regions only coverre third (31:4%) of the
time positions. This is even worse for theMAZURKdataset, where only 84% are left when
using = 0:95. Figure 2.14 illustrates one main problem that arises whe dealing with
highly expressive music where the assumption of local quagieriodicity is often violated.
The passage shows signi cant tempo uctuations of the intempretation of the Mazurka
Op. 30-2 as indicated by the reference tempo curveR in Figure 2.14a. Indeed, the PLP
curve allows for detecting regions of locally consistent tmpo estimates (indicated by the
thick blue lines in Figure 2.14b). For these regions the lochtempo estimates largely
overlap with the reference tempo, see Figure 2.14a.
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Figure 2.14: Tempo estimation for a highly expressive recording (pid906-14) of Chopin's
Mazurka Op30-2. (a) Magnitude tempogram jTj of the rst 35 seconds using = [50 : 250]

with the reference tempo R (cyan) and the tempo estimates (thick blue) onl(; ). (b) PLP
curve and restricted regionl (; ) (blue) for =0:8 and =4 sec.
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2.9.5 Dynamic Programming Beat Tracking

In the following, we summarize the state-of-the-art beat tracking procedure as introduced
in [44]. This procedure is used in the following beat-tracking expements. The input of

the algorithm consists of a novelty-like function :[1: T]! R (indicating note onset
positions) as well as a number 2 Z that yields an estimate of a global (average) beat
period 2 Z. Assuming a roughly constant tempo, the di erence of two neighboring

beats should be close to. To measure the distance between and , a neighborhood
functon N :N! R

2

N ()= log(=)
is introduced. This function takes the maximum value of O for = and is symmetric
on a log-time axis. Now, the task is to estimate a sequencB = (by;bp;:::; b ), for some

suitable K 2 N, of monotonously increasing beat positionsh, 2 [1 : T] satisfying two
conditions. On the one hand, the value (by) should be large for allk 2 [1 : K], and, on
the other hand, the beat intervals = b¢ b ; should be close to . To this end, one

X X
S(B) = ( b+ N (b b 1); (2.9)
k=1 k=2
where the weight 2 R balances out the two conditions. In our experiments, =5

turned out to yield a suitable trade-o . Finally, the beat se quence maximizingS yields
the solution of the beat tracking problem. The score-maximking beat sequence can be
obtained by a straightforward dynamic programming (DP) approach, seel44] for details.
Therefore, in the following, we refer to this procedure asDP beat tracking.
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Peak Picking DP Beat Tracking
Dataset 40 pP
BEATLES 0.619 0.593 0.671 0.663 0.826 0.741 0.861
RW®OP 0.554 0.507 0.610 0.579 0.786 0.752 0.819

RWQAZZ 0.453 0.411 0.407 0.4071 0.514 0.573 0.533
RWCLASSIC 0.532 0.514 0.521 0.528 0.618 0.609 0.644
MAZURKA | 0.757 0.618 0.731 0.685/ 0.641 0.651 0.684

Table 2.6: Average F-measures for various beat tracking approaches img an error tolerance of
70 ms.

2.9.6 Beat Tracking Experiments

We now report on various beat tracking experiments conductd on the ve audio datasets
described in Section 2.9.2. We consider two di erent approahes to beat tracking. In
the rst approach, which serves as baseline, we simply perfon peak picking based on an
adaptive thresholding strategy [7] and de ne the beat positions to be the detected peak
positions. In the second approach, we use the DP beat trackop procedure summarized in
Section 2.9.5.

For each of these two approaches, we compare the beat traclgnresults for ve di erent
curves using the original novelty curve , the PLP curve , ac onstrained PLP curve 49,
a PLP curve PP based on a smooth tempo curve, as well as a combined noveltylFP
curve denoted by . Here, the PLP curve is computed using = [ 30 : 600] and
KS = 4 sec). For the constrained PLP curve 0, we use a tempo set covering 40% of
the mean tempo of the audio recording, where we assume that spugh estimate of this
tempo is given. The curve PP is obtained by rst computing a smoothed tempo trajectory
based on dynamic programming as described if3; 187 and then by using these tempo
values in the PLP computation instead of the maximizing values, cf. Eq. (2.4). Finally,
the combined curve isdenedas =( "M+ ) =2 where "™ denotes a locally
normalized version of that assumes values in the interval [0; 1] (as the PLP curve). The
normalization is obtained using a sliding maximum lter of | ength 4 sec (as for the kernel
size).

In a rst evaluation, we use the same F-measure as for onset dection experiment (Sec-
tion 2.9.1). A reference beat is considered a correct deteich if there is a detected beat
within an error tolerance of 70 ms. The same tolerance valuesisuggested in the litera-
ture [29] and used in the MIREX 2011 Audio Beat Tracking evaluation procedure’. Then,
precision, recall, and F-measure are de ned as in Eq. (2.8).

Table 2.6 shows the F-measure values for both beat tracking@proaches in combination
with di erent curves. Using peak picking based on one obtains an F-measure of F =
0:619 for the datasetBEATLESActually, for most music, beat positions go along with onsé
positions. Consequently, onset positions typically lie onbeat positions or on positions
corresponding to higher pulse levels. Therefore, even thersple onset detection procedure
already yields reasonable F-measures (resulting from a verhigh recall and a moderate
precision). At rst sight, it may be surprising that when usi ng peak picking on , one

®http://www.music-ir.org/mirex/wiki/2011:Audio _Beat_Tracking
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Figure 2.15: lllustration of the di erent curves used in the beat trackin g experiments with ground
truth beat positions shown as vertical lines. (a) Novelty curve . (b) PLP curve . (c) Combined
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obtains slightly lower F-measure values (e.g. F = 0593 for BEATLES Here, note that the
peak positions of de ne a locally periodic pulse grid, where beat positions are likely to
occur. As our experiments show, the number of false negatigeis reduced in comparison
with (leading to a higher recall). However, not all PLP peak s necessarily correspond
to beats. Typically, the predominant pulse corresponds to he tatum pulse leading to
many false positives (low precision). The situation alreag improves when using 49,
Constraining the pulse to the correct pulse level reduces tb number of false positives
(e.g. F = 0:671 for BEATLES Employing a smooth tempo trajectory for computing PP
has a very similar e ect (e.g. F = 0:663 for Beatles).

Using the DP beat tracker, the F-measures signi cantly improve. In general, the best
results are achieved when using the DP beat tracker with the ombined curve . In
particular, leads to better results than the usual approac h exclusively based on
For example, in the case ofBEATLESthe F-measure increases from F = 826 for to
F = 0:861 for . Using alone, the results seem to degrade (F = 0:741). A manual
investigation shows that the PLP curve robustly provides information about likely pulse
positions typically at the tatum level, whereas the beat postions correspond to the tactus
level. This often results in half-beat shifts (typically one period on the tatum level) in the
beat tracking result. In other words, since the peak values ge invariant to dynamics, is
generally not capable of discriminating between on-beatsrad o -beats, see Figure 2.15b.
The problem of half-beat shifts is not as prominent when usiig the original novelty curve,
since the onset peaks of on the on-beat positions are often mre pronounced than the
ones on the o-beat positions, see Figure 2.15a. However, thnovelty curve often
reveals passages with noisy and missing peaks. Here, the doimation inherits the
robustness from and the discriminative power from , yield ing the best overall beat
tracking results, see last column of Table 2.6. Figure 2.15dlustrates the gain achieved
through the combined usage of and .

The evaluation based on the simple F-measure has several waeesses. First, even com-
pletely random false positives only slightly degrade the Fmeasure. Here, one reason is
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that the F-measure only moderately punishes peak positionseven if they are not musically
meaningful. As a consequence, simple peak picking on , evethough ignoring any notion
of a beat concept, seems to yield good results. In particulafor the MAZURKdataset, a
peak picking based on seems to outperform all other strateges (F = 0:757). Further-
more, this evaluation measure does not account for the issuef half-beat shifts. Finally,
evaluating the beats individually, the temporal context of beat tracking is ignored. In
Section 2.9.7, we tackle these problems by introducing a n& context-sensitive evaluation
measure.

2.9.7 Context-Sensitive Evaluation

In the evaluation measure considered so far, the beat posiins were evaluated one by one.
However, when tapping to the beat of music a listener obviouy requires the temporal
context of several consecutive beats. Therefore, in evaltimg beat tracking procedures,
it seems natural to consider beats in the temporal context istead of looking at the beat
positions individually [29]. To account for these temporal dependencies, we now intro-

B = (by;bp;:::;bx) be the sequence of monotonously increasing detected beabgitions
b« 2 [1:T], k2 [1:K] Furthermore, let L 2 N be a parameter that speci es the
temporal context measured in beats, and let" be the error tolerance corresponding to
70 milliseconds. Then a reference beat,, is considered anL -correct detection, if there

exists a subsequence;;:::;rj+. 1 of R containingry (,e. m2[j :j+L 1]) aswellas
a subsequencdy;:::;b. 1 of B such that
irj++ bej "

forall 2 [0:L 1]. Intuitively, for a beat being considered L-correct, one requires an
entire track consisting of L consecutive detected beats that match (up to the error toleance

") to a track of L consecutive reference beats. Here, a single outlier in theetected beats
already destroys this property. Let Mt be the number of L-correct references beats.
Then, we de ne the context-sensitive recall R := M-=M, precision P- := M=K and

F-measure - := (2 P- RL=PL +R"%).

In our evaluation, we use the parameterL = 4 corresponding to four consecutive beats
(roughly a measure). Table 2.7a shows the resulting contexsensitive F--measures for the
same experiments as described in the last section. Now, theasknesses of a simple peak
picking strategy based on or become obvious. Compared to the previous F-measure
(cf. Table 2.6), the F--measures drop signi cantly for all datasets. In particular for
popular music, these measures are close to zero (e. g- E 0:015 forRW®PORand ), which
indicates that basically no four consecutive beats are detged without any intervening
spurious peaks. Actually, the situation already improves gni cantly when using the
constrained PLP curve 40 (e.g. F- = 0:486 for RW®O. This shows that the PLP
curve captures meaningful local beat information when regticted to the desired pulse level.
DP once again obtains similar results. For example, in the casef BEATLES" = 0:554
for 4% and F- = 0:555 for PP. For MAZURKRAowever, exhibiting many abrupt tempo
changes, PP leads to lower F--measures (F = 0:484) than “° (F- = 0:539). Here,
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(@) Peak Picking DP Beat Tracking
Dataset 40 oP
BEATLES 0.050 0.044 0.554 0.555 0.789 0.708 0.824
RW®OP 0.015 0.005 0.486 0.444 0.757 0.743 0.808
RWQAZZ 0.014 0.003 0.253 0.2310.414 0.535 0.493
RWCLASSIC 0.124 0.118 0.381 0.393 0.536 0.528 0.560
MAZURKA | 0.238 0.225 0.539 0.484| 0.451 0.479 0.508

(b) Peak Picking DP Beat Tracking
Dataset 40 bP
BEATLES 0.050 0.044 0.597 0.592 0.902 0.909 0.926
RW®OP 0.016 0.005 0.528 0.494 0.881 0.917 0.923
RWQAZZ 0.014 0.003 0.282 0.259 0.564 0.705 0.708
RWCLASSIC 0.125 0.119 0.404 0.420 0.638 0.633 0.661
MAZURKA | 0.238 0.226 0.540 0.486| 0.466 0.528 0.527

Table 2.7:  Beat tracking results based on context-sensitive evaluatin measures [ = 4). (a)
F--measures.(b) Half-shift invariant F‘-measures.

simply choosing the local maximum from the constrained temp set allows for locally
adapting to the strongly varying tempo. Actually, peak picking on  “4° leads to the best
results for this dataset. For all other datasets, however, mploying the DP beat tracking
procedure improves the results. In particular, for popularmusic with only moderate tempo
changes, the stricter F--measures come close to the simplE-measures (e.g., F = 0:824
compared to F = 0:861 for BEATLE&Nd ).

To investigate the role of half-beat shifts as discussed in &tion 2.9.6, we make the eval-
uation measure invariant to such errors. To this end, we shifthe sequenceR of reference
beats by one half-beat to the right (replacingrm by Fn = (rm+1 + m)=2) to obtain a
sequenceR. Then the reference beatr, is considered correct ifr, is L-correct w.r.t.
R or if +, is L-correct w.r.t. R. As before, we de ne recall and precision to obtain a
half-shift invariant F-measure denoted by F-. Table 2.7b shows the corresponding evalua-
tion results. In particular for the DP tracking approach, on e obtains a signi cant increase
in the evaluation measures for all datasets. For example, foBEATLES&nd , one has
F- = 0:926 opposed to £ = 0:824, which shows that half-beat shifts are a common
problem in beat tracking. Actually, even humans sometimes grceive beats on o -beat
positions, in particular for syncopal passages with strongo -beat events. This also ex-
plains the strong increase in the case of Jazz musict = 0:708 opposed to £ = 0:493
for RWQAZZand ), where one often encounters syncopal elements. For DPtracking
based on , the improvements are most noticeable over all daasets. As is invariant to
dynamics, the half-shift beat confusion is very distinctive, see Figure 2.15b.

Finally, we note that the context-sensitive evaluation measures much better reveal the
kind of improvements introduced by our PLP-concept, which tends to suppress spurious
peaks. For both approaches, peak picking and DP beat trackig, one obtains the best
results when using a PLP-based enhancement.
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2.10 Conclusion

In this chapter, we introduced a novel concept for deriving nusically meaningful local pulse
information from possibly noisy onset information. Opposeal to previous approaches that
assume constant tempo, the main bene t of our PLP mid-level epresentation is that it can
locally adjust to changes in tempo as long as the underlying msic signal possesses some
quasi-periodicity. In our representation, we do not aim at extracting pulses at a specic
level. Instead, a PLP curve is able to locally switch to the daninating pulse level, which
typically is the tatum level. Furthermore, our concept allows for integrating additional
knowledge in form of a tempo range to enforce pulse detectioon a specic level. Con-
ducting extensive experiments based on well-known datasstof di erent genres, we have
shown that our PLP concept constitutes a powerful tool for tempo estimation and beat
tracking. Furthermore, initial experiments also revealedthat PLP curves are suitable for
supporting higher-level music processing tasks such as miassynchronization [49], meter
estimation [102], as well as pulse-adaptive feature desigi#5] and audio segmentation[114].

Even for classical music with soft onsets, we were able to esdct useful tempo and
beat information. However, for highly expressive interpraations of romantic music,

the assumption of local quasi-periodicity is often violatel leading to poor results. At
least, our PLP concept yields a con dence measure to revealugh problematic pas-
sages. Highly-expressive music also reveals the limits ofupely onset-oriented tempo
and beat tracking procedures. Here, future work is concermd with jointly consid-

ering additional musical aspects regarding meter, harmony polyphony, or structure

in order to support and stabilize tempo and beat tracking, se [138; 37; 61; 27;
14¢ for rst approaches towards this direction.
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Chapter 3

A Case Study on Chopin
Mazurkas

In the last chapter, we introduced a novel concept for derivhg musically meaningful local
pulse information. As it turned out, highly-expressive musdc reveals the limits of state-of-
the-art tempo and beat tracking procedures. To better undestand the shortcomings of
beat tracking methods, signi cant e orts have been made to mmpare and investigate the
performance of di erent strategies on common datasetd43; 188; 121; 69; 38 However,
most approaches were limited to comparing the di erent methods by specifying evaluation
measures that refer to an entire recording or even an entireatlection of recordings. Such
globally oriented evaluations do not provide any information on the critical passages within
a piece where the tracking errors occur. Thus, no conclusiancan be drawn from these
experiments about possiblemusical reasonsthat lie behind the beat tracking errors. A

rst analysis of musical properties in uencing the beat tracking quality was conducted

by Dixon [38], who proposed quantitative measures for the rhythmic compéxity and for

variations in tempo and timings. However, no larger evaluatons were carried out to show
a correlation between these theoretical measures and the a@l beat tracking quality.

In this chapter, we introduce a novel evaluation framework hat exploits the existence of
di erent performances available for a given piece of musicln our case study we revert to
a collection of recordings for the Chopin Mazurkas containig in average over 50 perfor-
mances for each piece. Based on a local, beat-wise histograwe simultaneously determine
consistencies of beat tracking errors over many performams. The underlying assumption
is, that tracking errors consistently occurring in many performances of a piece are likely
caused by musical properties of the piece, rather than physal properties of a speci c per-
formance. These consistencies indicate musically critidgpassages in the underlying piece,
rather than a speci ¢ performance that are prone to tracking errors. As a further contribu-
tion, we classify the beats of the critical passages by intrducing various types of beats such
as non-event beats, ornamented beats, weak bass beats, omstant harmony beats. Each
such beat class stands for a musical performance-indepenteproperty that frequently
evokes beat tracking errors. In our experiments, we evaluad three conceptually di erent
beat tracking procedures on a corpus consisting of 298 audicecordings corresponding
to ve di erent Mazurkas. For each recording, the tracking r esults were compared with
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ID Composer Piece #(Meas.) #(Beats) #(Perf.)
M17-4 Chopin Op. 17, No. 4 132 396 62
M24-2 Chopin Op. 24, No. 2 120 360 64
M30-2 Chopin Op. 30, No. 2 65 193 34
M63-3 Chopin Op. 63, No. 3 77 229 88
M68-3 Chopin Op. 68, No. 3 61 181 50

Table 3.1: The ve Chopin Mazurkas and their identi ers used in our study. The last three
columns indicate the number of measures, beats, and perforamces available for the respective
piece.

manually annotated ground-truth beat positions. Our local evaluation framework and
detailed analysis explicitly indicates various limitations of current state-of-the-art beat
trackers, thus laying the basis for future improvements andresearch directions.

This chapter is organized as follows: In Section 3.1, we foralize and discuss the beat
tracking problem. In Section 3.2, we describe the underlyig music material and specify
various beat classes. After summarizing the three beat traking strategies (Section 3.3)
used in our case study and introducing the evaluation measw (Section 3.4), we report
on the experimental results in Section 3.5. Finally, we conleide in Section 3.6 with a
discussion of future research directions.

3.1 Speci cation of the Beat Tracking Problem

For a given piece of music, letN denote the number of musical beats Enumerating all

Given a performance of the piece in the form of an audio recoidg, the musical beats
correspond to speci ¢ physical time positions within the audio le. Let :B! R be the
mapping that assigns each musical beab 2 B to the time position (b) of its occurrence
in the performance. In the following, a time position (b) is referred to as physical beat
or simply as beat of the performance. Then, the task ofbeat tracking is to recover the set
f (b)jb2 Bg of all beats from a given audio recording.

Note that this speci cation of the beat tracking problem is somewhat simplistic, as we
only consider physical beats that are de ned by onset events More generally, a beat
is a perceptual phenomenon and perceptual beat times do notetessarily coincide with
physical beat times[41]. Furthermore, the perception of beats varies between listeers.

For determining physical beat times, we now discuss some ohe problems, one has to deal
with in practice. Typically, a beat goes along with a note on®t revealed by an increase
of the signal's energy or a change in the spectral content. Heever, in particular for non-
percussive music, one often has soft note onsets, which ledd blurred note transitions
rather than sharp note onset positions. In such cases, therare no precise timings of note
events within the audio recording, and the assignment of exet physical beat positions
becomes problematic. This issue is aggravated in the presea of tempo changes and
expressive tempo nuances (e.g., ritardando and acceleraoy
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ID jBj jBij jB2j jBsj jBaj jBsj B j

M17-4 396 9 8 51 88 0 154
M24-2 360 10 8 22 4 12 55
M30-2 193 2 8 13 65 0 82
7
7

M63-3 229 1 9 36 0 a7
M68-3 181 17 0 14 12 37

Table 3.2: The number of musical beats in each of the di erent beat classs de ned in Section 3.2.
Each beat may be a member of more than one class.

Besides such physical reasons, there may also be a number olisical reasons for beat
tracking becoming a challenging task. For example, there mabe beats with no note event
going along with them. Here, a human may still perceive a stedy beat, but the automatic
speci cation of physical beat positions is quite problemaic, in particular in passages of
varying tempo where interpolation is not straightforward. Furthermore, auxiliary note
onsets can cause di culty or ambiguity in de ning a speci c p hysical beat time. In music
such as the Chopin Mazurkas, the main melody is often embebBhed by ornamented notes
such as trills, grace notes, or arpeggios. Also, for the sakaf expressiveness, the notes of
a chord need not be played at the same time, but slightly disphced in time. This renders
a precise de nition of a physical beat position impossible.

3.2 Five Mazurkas by Feceric Chopin

The Mazurka Project! has collected over 2700 recorded performances for 49 Mazaskby
Feckeric Chopin, ranging from the early stages of music recording (Grnanfeld 1902) until
today [153. In our case study, we use 298 recordings corresponding to evof the 49
Mazurkas, see Table 3.1. For each of theses recordings thedigositions were annotated
manually [153. These annotations are used as ground truth in our experimetis. Further-
more, Humdrum and MIDI les of the underlying musical scores for each performance are
provided, representing the pieces in an uninterpreted symblic format.

In addition to the physical beat annotations of the performances, we created musical
annotations by grouping the musical beatsB in ve di erent beat classes B; to Bs. Each
of these classes represents a musical property that typiclyl constitutes a problem for
determining the beat positions. The colors refer to Figure 34, Figure 3.5, and Figure 3.6.

Non-event beats B; (black) : Beats that do not coincide with any note events,
see Figure 3.1a.

Boundary beats B, (blue) : Beats of the rst measure and last measure of the
piece.

Ornamented beats Bjs (red) : Beats that coincide with ornaments such as trills,
grace notes, or arpeggios, see Figure 3.1b.

Weak bass beats B4 (cyan) : Beats where only the left hand is played, see Fig-
ure 3.1e.

Ymazurka.org.uk
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Figure 3.1: Scores of example passages for the di erent beat classesriotiuced in Section 3.2.
(@) Non-event beats B;) in M24-2, (b) Ornamented beats B3) in M30-2, (c) Constant harmony
beats (Bs) in M24-2, (d) Constant harmony beats Bs) in M68-3, and (e) Weak bass beats B,) in
M63-3.

Constant harmony beats Bs (green) : Beats that correspond to consecutive
repetitions of the same chord, see Figure 3.1(c-d).

Furthermore, let B := [ 2_, Bx denote the union of the ve beat classes. Table 3.2 details
for each Mazurka the number of beats assigned to the respegt beat classes. Note that
the beat classes need not be disjoint, i.e., each beat may bessigned to more than one
class. In Section 3.5, we discuss the beat classes and themplications on the beat tracking
results in more detail.

3.3 Beat Tracking Strategies

In our experiments we use three di erent beat trackers, see &ction 2.1 for an overview.
Firstly, we directly use the onset candidates extracted fran a novelty curve as explained in
Section 2.3. Figure 3.2c shows a novelty curve for an excerf M17-4 (identi er explained

in Table 3.1). Using a peak picking strategy[7] note onsets can be extracted from this
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Figure 3.2: Representations for an excerpt ofM17-4. (a) Score representation of beats 60
to 74. (b) Annotated ground truth beats for the performance pid5053405 by Horowitz (1985).

(c) Novelty curve (note onset candidates indicated by circles) (d) PLP curve (beat candidates

indicated by circles).

curve. In this method, referred to asONSET in the following sections, each detected note
onset is considered as a beat position. Secondly, we compute PLP curve from the
novelty curve as introduced in Section 2.6 and consider the PP peak positions as beat
positions. In the following, this approach is referred to aspLP. We use a window size of
three seconds and initialize the tempo estimation with the nean of the annotated tempo.
More precisely, we de ne the global tempo range for each pesfmance covering one octave
around the mean tempo, e.g., for a mean tempo of 120 BPM, tempestimates in the range
[90 : 180] are valid. This prevents tempo doubling or halvingerrors and robustly allows
for investigating beat tracking errors, rather than tempo estimation errors. The third beat
tracking method (SYNC) employs the MIDI le available for each piece. This MIDI le can
be regarded as additional knowledge, including the pitch, oset time and duration of each
note. Using suitable synchronization techniqued49] on the basis of coarse harmonic and
very precise onset information, we identify for each musickevent of the piece (given by the
MIDI le) the corresponding physical position within a perf ormance. This coordination
of MIDI events to the audio is then used to determine the beat msitions in a performance
and simpli es the beat tracking task to an alignment problem, where the number of beats
and the sequence of note events is given as prior knowledge.

3.4 Evaluation on the Beat Level

Many evaluation measures have been proposed to quantify thperformance of beat track-
ing systems by comparing the beat positions determined by a &at tracking algorithm and
annotated ground truth beats. An extensive review of evalugion measures is given in29].
These measures can be divided into two groups. Firstly, meases that analyze each beat
position separately and secondly, measures that take the tapo and metrical levels into
account [31; 30; 102; 12l While the latter gives a better estimate of how well asequence
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1 (p) H
b 1) | p= (b | (b+1) Time
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Figure 3.3: lllustration of the -neighborhood!| (p) and the half-beat neighborhoodH (p) of a
beatp= (b, b2B.

of retrieved beats correlates with the manual annotation, t does not give any insight into
the beat tracking performance at a speci ¢ beat of the piece.

In our evaluation, we consider the beat tracking quality on the beat-level of a piece and
combine the results of all performances available for this jgce. This allows for detecting
beats that are prone to errors in many performances. For a gien performance, let :=
f (b jb2 Bg be the set of manually determined physical beats, which are sed as ground
truth. Furthermore, let R be the set of beat candidates obtained from a beat tracking
procedure. Given a tolerance parameter > 0, we de ne the -neighborhoodl (p) R
of abeatp2 to be the interval of length 2  centered atp, see Figure 3.3. We say that
a beat p has beenidenti ed if there is a beat candidateq2 in the -neighborhood of
p,ie.,q2 \ I (p). Let i be the set of all identi ed beats. Furthermore, we say
that a beat candidate q2 is correct if g lies in the -neighborhood! (p) of some beat
p 2 and there is no other beat candidate lying in | (p) that is closer to p than g. Let
co be the set of all correct beat candidates. We then de ne the precision P =P ,
the recall R=R , and F-measure F =F as[29]
jcoj. _jidj. _2 PR,
jj,R jj,|: TR (3.1)

P=

Table 3.3 shows the results of various beat tracking procedes on the Mazurka data. As
it turns out, the F-measure is a relatively soft evaluation measure that only moderately
punishes additional, non-correct beat candidates. As a caequence, the simple onset-
based beat tracker seems to outperform most other beat traaks. As for the Mazurka
data, many note onsets coincide with beats, the onset detetn leads to a high recall,
while having only a moderate deduction in the precision.

We now introduce a novel evaluation measure that punishes no-correct beat candidates,
which are often musically meaningless, more heavily. To thd end, we de ne ahalf-beat
neighborhoodH (p) of a beatp= (b) 2 to be the interval ranging from w (or

(b) for b=1) to M (or (b) for b= N), see Figure 3.3. Then, we say that a beat
b 2 B has beenstrongly identi ed if there is a beat candidateqg2 with g2 \ | (p)
and if H(p)\ = fggfor p= (b). In other words, g is the only beat candidate in the
half-beat neighborhood ofp. Let ;g be the set of all strongly identi ed beats, then
we de ne the beat accuracyA = A to be

A = J jstide: (3_2)
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SYNC ONSET PLP

ID P/RIFI A P R F A P R F A
M17-4 0.837 0.552 0.958 0.697 0.479 0.615 0.743 0.672 0.639
M24-2 0.931 0.758 0.956 0.845 0.703 0.798 0.940 0.862 0.854
M30-2 0.900 0.692 0.975 0.809 0.623 0.726 0.900 0.803 0.788
M63-3 0.890 0.560 0.975 0.706 0.414 0.597 0.744 0.661 0.631
M68-3 0.875 0.671 0.885 0.758 0.507 0.634 0.755 0.689 0.674
Mean: 0.890 0.634 0.952 0.754 0.535| 0.665 0.806 0.728 0.729

MIREX Our Methods
Method | DRP3 GP2 OGM2 TL SYNC ONSET PLP
F 0.678 0.547 0.321 0.449 0.890 0.754 0.728

Table 3.3: Comparison of the beat tracking performance of the three stategies used in this
chapter and the MIREX 2009 results based on the evaluation migics Precision P, Recall R, F-
measure F and the beat accuracyA.

3.5 Experimental Results

We now discuss the experimental results obtained using ourvaluation framework and
explain the relations between the beat tracking results andthe beat classes introduced in
Section 3.2.

We start with discussing Table 3.3. Here, the results of the derent beat tracking ap-
proaches for all performances of the ve Mazurkas are summazed, together with some
results from the MIREX 2009 beat tracking task?. All beat trackers used in our evaluation
yield better results for the Mazurkas than all trackers usedin the MIREX evaluation. As
noted before, the F-measure only moderately punishes adddnal beats. In consequence,
ONSET (F = 0:754) seems to outperform all other methods, excepsyNC (F = 0:890). In
contrast, the introduced beat accuracy A punishes false positives more heavily, leading
to A = 0:535 for ONSET, which is signi cantly lower than for pPLP (A = 0:729) and SYNC
(A =0:890). For sYNC, the evaluation metrics P, R, F, and A are equivalent because the
number of detected beats is always correct. FurthermoreSYNC is able to considerably
outperform the other strategies. This is not surprising, asit is equipped with additional
knowledge in the form of the MIDI le.

There are some obvious di erences in the beat tracking rests of the individual Mazurkas
caused by the musical reasons explained if88]. First of all, all methods deliver the best
result for M24-2. This piece is rather simple, with many quarter notes in the dominant
melody line. M17-4 is the most challenging for all three trackers because of adéquent use
of ornaments and trills and many beat positions that are not re ected in the dominating
melody line. For the ONSET tracker, M63-3 constitutes a challenge A = 0:414), although
this piece can be handled well by thesyNcC tracker. Here, a large number of notes that do
not fall on beat positions provoke many false positives. Thé also leads to a low accuracy
of PLP (A = 0:631).

Going beyond this evaluation on a piece-level, Figure 3.4, igure 3.5, and Figure 3.6

2www.music-ir.org/mirex/wiki/2009:Audio  _Beat_Tracking _Results
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Figure 3.4: The beat error histogram for the synchronization based beatracking (SYNC) shows
for how many performances of each of the ve Mazurkas a beab is not identi ed. The di erent
colors of the bars encode the beat clasB a beat is assigned to, see Section 3.2.

ID B BnB; BnB, BnBs; BnB; BnBs BnB

M17-4 0.837 0.852 0.842 0.843 0.854 0.837 0.898
M24-2 0.931 0.940 0.936 0.941 0.933 0.939 0.968
M30-2 0.900 0.900 0.903 0.931 0.905 0.900 0.959
M63-3 0.890 0.890 0.898 0.895 0.895 0.890 0.911
M68-3 0.875 0.910 0.889 0.875 0.875 0.887 0.948
Mean: 0.890 0.898 0.894 0.897 0.894 0.892 0.925

Table 3.4: Beat accuracyA results comparing the di erent beat classes forSYNC. For all beats
B, excluding non-event beatsB;, boundary beats B,, ornamented beatsBs, weak bass beatB,,
constant harmony beatsBs, and the union B .

illustrate the beat-level beat tracking results of our evaluation framework for the SYNC,
PLP, and ONSET strategy, respectively. Here, for each beab 2 B of a piece, the bar encodes
for how many of the performances of this piece the beat was nastrongly identi ed (see
Section 3.4). High bars indicate beats that are incorrectlyidenti ed in many performances,
low bars indicate beats that are identi ed in most performances without problems. As
a consequence, this representation allows for investigatg the musical properties leading
to beat errors. More precisely, beats that are consistentlywrong over a large number of
performances of the same piece are likely to be caused by maal properties of the piece,
rather than physical properties of a speci ¢ performance. Br example, for the tracking
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Figure 3.5: The beat error histogram for the PLP tracker shows for how many performances of
each of the ve Mazurkas a beatb is not identi ed. The dierent colors of the bars encode the
beat classB a beat is assigned to, see Section 3.2.

136

00 109 118 127

ID B BnB; BnB, BnB; BnB; BnBs BnB

M17-4 0.639 0.650 0.641 0.671 0.593 0.639 0.649
M24-2 0.854 0.857 0.862 0.857 0.856 0.854 0.873
M30-2 0.788 0.788 0.794 0.814 0.772 0.788 0.822
M63-3 0.631 0.631 0.638 0.639 0.647 0.631 0.668
M68-3 0.674 0.705 0.689 0.674 0.678 0.674 0.733
Mean: 0.729 0.735 0.734 0.739 0.723 0.729 0.751

Table 3.5: Beat accuracy A results comparing the di erent beat classes forPLP: For all beats
B, excluding non-event beatsB;, boundary beats B,, ornamented beatsB3, weak bass beat$B,,
constant harmony beatsBs, and the union B .

strategiessyNCc and PLP and all ve pieces, the rst and last beats are incorrectly identi ed
in almost all performances, as shown by the blue barsB»). This is caused by boundary
problems and adaption times of the algorithms. FOroNSET, this e ect is less pronounced
as only local information is used for determining beat positons. As a result, there is no
adaption time for ONSET.

Furthermore, there is a number of signi cant high bars within all pieces. ThesyNC strategy
for M68-3 (see Figure 3.4) exhibits a number of isolated black bars. Tese non-event beats
do not fall on any note-event (B1). As stated in Section 3.1, especially when dealing
with expressive music, simple interpolation techniques donot work to infer these beat
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Figure 3.6: The beat error histogram for the ONSET tracker shows for how many performances
of each of the ve Mazurkas a beatb is not identi ed. The di erent colors of the bars encode the
beat classB a beat is assigned to, see Section 3.2.

positions automatically. The same beat positions are prol#matic in the PLP strategy,

see Figure 3.5 and in particular in ONSET, see Figure 3.6. ForM30-2 (Figure 3.4) most

of the high bars within the piece are assigned tdB3 (red). These beats, which coincide
with ornaments such as trills, grace notes, or arpeggios arghysically not well de ned

and hard to determine. For the Mazurkas, chords are often plged on-beat by the left
hand. However, for notes of lower pitch, onset detection is pblematic, especially when
played softly. As a consequence, beats that only coincide i a bass note or chord, but
without any note being played in the main melody, are a frequat source for errors. This
is re ected by the cyan bars (B3) frequently occurring in M17-4 (Figure 3.4). Finally, Bs

(green) contains beats falling on consecutive repetitionsf the same chord. This constitutes
a challenge for the onset detection, especially when playesoftly. Both M24-2 and M68-3
exhibit a region of green bars that are incorrectly tracked ly the syNc (Figure 3.4) and

PLP (Figure 3.5) trackers.

As mentioned in Section 3.3,PLP can not handle tempo changes well. As a consequence,
many of the beat errors for PLP that are not assigned to any beat class (e.g.M24-2 in
Figure 3.5, b = [260 : 264] ) are caused by sudden tempo changes appearing many
of the performances. However, these are considered a penfeance-dependent property,
rather than a piece-dependent musical property and are not lkassi ed in a beat class.

Tables 3.4 and 3.5 summarize the e ect of each beat class on ¢hpiece-level results.
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Here, the mean beat accuracy is reported for each of the ve Maurkas, when excluding
the beats of a certain class. For exampleM30-2 contains many beats ofB3. Excluding

these ornamented beats from the evaluation, the overall beaaccuracy increases from
A =0:900 to A =0:931 for sYNC (Table 3.4) and from 0:788 to 0814 for PLP (Table 3.5).

The challenge ofM68-3 however, are non-event beatsB;). Leaving out these beats, the
accuracy increases from @75 to 0910 for syNC and from 0:674 to 0705 for PLP.

Aside from musical properties of a piece causing beat errorphysical properties of certain
performances make beat tracking di cult. In the following, we exemplarily compare the
beat tracking results of the performances ofM63-3. Figure 3.7 shows the beat accuracy
A for all 88 performances available for this piece. In case ofhe SYNC tracker, the beat
accuracy for most of the performances is in the range of:8 0:9, with only few exceptions
that deviate signi cantly (Figure 3.7a). In particular, Mi chalowski's 1933 performance
with index 39 (pid9083-16) shows a low accuracy of onhA = 0:589 due to a poor condition
of the original recording which contains a low signal-to-nase ratio and many clicks. The
low accuracy (A = 0:716) of performance 1 (Csalog 1996, pid1263b-12) is causey b
high amount of reverberation, which makes a precise determition of the beat positions
hard. The poor result of performance 81 (Zak 1951, pid9187130) is caused by a detuning
of the piano. Compensating for this tuning e ect, the synchronization results and thus,
the beat accuracy improves fromA = 0:767 to A = 0:906. As it turns out, ONSET tends
to be even more sensitive to bad recording conditions. Againperformance 39 shows an
extremely low accuracy @A = 0:087), however, there are more recordings with a very low
accuracy (70, 71, 79, 80, 57, and 58). Further inspection sh¢s that all of these recordings
contain noise, especially clicks and crackling, which progs devastating for onset detectors
and leads to a high number of false positives. Although onsedetection is problematic for
low quality recordings, the PLP approach shows a di erent behavior. Here, the periodicity
enhancement of the novelty curve[72] provides a cleaning e ect and is able to eliminate
many spurious peaks caused by recording artifacts and lead® a higher beat accuracy.
However, other performances su er from a low accuracy (pedrmances 29, 30, and 77). As
it turns out, these examples exhibit extreme local tempo chages that can not be captured
well by the PLP approach, which relies on a constant tempo within the analys window.
On the other hand, some performances show a noticeably higheccuracy (2, 5, 11, 31,
74, and 87). All oft these recordings are played in a rather castant tempo.

3.6 Further Notes

Our experiments indicate that our approach of considering nultiple performances simulta-
neously for a given piece of music for the beat tracking task iglds a better understanding
not only of the algorithms' behavior but also of the underlying music material. The
understanding and consideration of the physical and musidaproperties that make beat
tracking di cult is of essential importance for improving t he performance of beat tracking
approaches. Exploiting the knowledge of the musical propédres leading to beat tracking
errors one can design more advanced audio features. For exalm, in case of the Chopin
Mazurkas the tempo and beat is often revealed only by the lefthand, whereas the right
hand often has an improvisatory character. For this kind of music, one may achieve im-
provements when separating the recording into melody (righ hand) and accompaniment
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Figure 3.7: Beat accuracy A for the beat tracker SYNC (a) , ONSET (b) , and PLP (c) of all 88
performances of\M63-3.

(left hand) using source separation techniques as proposed [48]. Analyzing the voices
individually, the quality of the novelty curve can be enhanced to alleviate the negative
e ect of the ornamented beats or weak bass beats.

In [85], our concept has now been adopted for investigating beat treking results obtained
by di erent beat tracking approaches on the same dataset. Casidering inconstistencies
in the beat tracking results obtained from the di erent proc edures, the authors apply
this approach also to music recordings without any manuallyannotated ground truth.
Here, the underlying assumption is that inconsistencies irthe beat tracking result indicate
problematic examples. Consistencies across the di erentrackers, however, are a result of
a correctly tracked beat. As a result, this approach allows ér detecting di cult recordings
that are a challenge for beat tracking algorithms.



Chapter 4

Tempo-Related Audio Features

Our experiments in the preceding chapters indicate that the extraction of tempo and
beat information is a challenging problem. In particular, in the case of weak note onsets
and signi cant tempo changes, determining explicit tempo \alues is an error-prone step.
In this chapter, we introduce various robust mid-level representations that capture local
tempo characteristics of music signals. Instead of extraghg explicit tempo information
from the music recordings (which is an error-prone step), tle mid-level representations
reveal information about local changes of the tempo. First,we generalize the concept of
tempograms. Tempogram representations derived from a nov curve already played a
major role in the computation of the PLP curves as introducedin Chapter 2. In addition
to the tempogram based on a Fourier transform, we now introdee a second variant based
on an autocorrelation function. As it turnes out, the autocorrelation tempogram naturally
complements the Fourier tempogram[146].

An important property of musical rhythm is that there are var ious pulse levels that con-
tribute to the human perception of tempo such as the measuretactus, and tatum lev-
els [102], see Section 2.1. As an analogy, these di erent levels may beompared to the
existence of harmonics in the pitch context. Inspired by theconcept of chroma features, we
introduce the concept ofcyclic tempograms where the idea is to form tempo equivalence
classes by identifying tempi that di er by a power of two. Originally suggested in[104]
we formalize and expand this concept in this chapter. The reglting cyclic tempo features
constitute a robust mid-level representation that revealslocal tempo characteristics of
music signals while being invariant to changes in the pulseédvel. Being the tempo-based
counterpart of the harmony-based chromagrams, cyclic tempgrams are suitable for mu-
sic analysis and retrieval tasks, where harmony-based, tibre-based, and rhythm-based
criteria are not relevant or applicable.

The remainder of this chapter is organized as follows. Firstin Section 4.1, we generalize
the concept of tempograms and describe the two variants. In &ction 4.2, we introduce
the novel concept of cyclic tempograms. In Section 4.3, we skch various applications of
the resulting mid-level representations and nally conclude in Section 4.4.
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Figure 4.1: (a) Novelty curve of click track of increasing tempo (110 to 130 BM). (b) Fourier
tempogram (showing harmonics).(c) Cyclic tempogram Gso induced by (b). (d) Autocorrelation
tempogram (showing subharmonics).(e) Cyclic tempogram Gso induced by (d).

4.1 Tempogram Representations

In general, atempogram (similar to a spectrogram that is a time-frequency represeta-
tion) is a time-tempo representation of a given time-depenént signal. Mathematically, a
tempogram is a mappingT : R Rso! R o depending on a time parametert 2 R mea-
sured in seconds and a tempo parameter 2 Rs o measured in beats per minute (BPM).
Intuitively, the value T (t; ) indicates to which extend a pulse of tempo is present at
time t. For example, let us suppose that a music signal has a dominariempo of 120
BMP around position t = 20 seconds. Then the resulting tempogramT should have a
large value T (t; ) for =120 andt = 20. Because of the ambiguity concerning the pulse
levels, one typically also has large values of for integer multiples ; 2; 3;::: (referred
to as harmonics of ) and integer fractions ; =2; =3;::: (referred to as subharmonicsof

). For an illustration, we refer to Figure 4.1, which shows vaious tempograms for a click
track of increasing tempo.

For computing tempograms, one typically rst extracts a novelty curve as introduced in
Section 2.3. The peaks of this curve yield good indicators fcnote onsets. In a second step,
local periodic patterns are derived from the novelty curve. Here, we discuss two di erent
methods that yield tempograms with harmonics (Fourier tempogram, Section 4.1.1) and
with subharmonics (autocorrelation tempogram, Section 41.2), respectively.

4.1.1 Fourier Tempogram

As rst strategy, we analyze the novelty curve with respect to local periodic patterns
using a short-time Fourier transform. To this end, we x a window function W : Z! R
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Figure 4.2: (a) Novelty curve of an audio recording of a Waltz by Shostakovi ch. (b) Fourier
tempogram TF: (c) Cyclic tempogram C,: (d) Autocorrelation tempogram TA: (e) Cyclic tem-
pogram Cfy:

centered att = 0 with support [ N : N]. In our experiments, we use a Hann window of
size N + 1 corresponding to six seconds of the audio recording. Thenfor a frequency
parameter! 2 R o, the complex Fourier coe cient F(t;! ) is de ned by

X .
F(t!)= (n Wh t) e?" (4.1)
n2z

In the musical context, we rather think of tempo measured in keats per minutes (BPM)
than of frequency measured in Hertz (Hz). Therefore, we use &empo parameter sat-
isfying the equation = 60 !. Furthermore, we compute the tempi only for a nite
set R>0. In our implementation, we cover four tempo octaves rangingfrom = 30
to = 480. Furthermore, we sample this interval in a logarithmic fashion covering each
tempo octave byM samples, where the integeM determines the tempo resolution. Then,
the discrete Fourier tempogram TF : Z I R gis dened by

TRt )= jF (t =60): (4.2)

As an example, Figure 4.2b shows the tempogranT ™ of a recording of a Waltz by
Shostakovich. In TF, the tempo on the beat level (roughly = 216 BPM) and the
second harmonics of this tempo are dominant. However, the t@po on the measure level
of the three-quarter Waltz (roughly 72 BPM, third subharmonics of = 216) is hardly
noticeable. Actually, since the novelty curve locally beh aves like a track of positive
clicks, it is not hard to see that Fourier analysis responds ¢ harmonics but suppresses
subharmonics, see als@145.
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4.1.2 Autocorrelation Tempogram

In the context of tempo estimation, also autocorrelation-based methods are widely used
to estimate local periodicities [44]. Since these methods, as it turns out, respond to sub-
harmonics while suppressing harmonics, they ideally compment Fourier-based methods,
see[145. To obtain a discrete autocorrelation tempogram, we proceed as follows. Again, we
x a window function W :Z! R centered att = 0 with support[ N :NJ], N 2 N. This
time, we use a box window of size ® + 1 corresponding to six seconds of the underlying
music recording. The local autocorrelation is then compute by comparing the windowed
novelty curve with time shifted copies of itself. More preciely, we use the unbiased local
autocorrelation

Pnzz(n) Whn t)(n+’) Wh t+7)
2N +1  ° '

for time t 2 Z and time lag ~ 2 [0 : N]. Each time parametert 2 Z of the novelty curve
corresponds tor seconds of the audio (in our implementation we used = 0:023).

A7) = (4.3)

Then, the lag * corresponds to the tempo
=60=(r )
in BPM. We therefore de ne the autocorrelation tempogram T4 by
TAG )= A(Y): (4.4)

for each tempo = 60=(r ), ~ 2 [1 : N]. Finally, using standard resampling and
interpolation techniques applied to the tempo domain, we deive an autocorrelation tem-

pogram TA : Z ! R o that is de ned on the same tempo set as the Fourier

tempogram T, see Section 4.1.1. The tempogranT # for our Shostakovich example is
shown in Figure 4.2d, which clearly indicates the subharmoits. This fact is also illus-
trated by comparing the Fourier tempogram shown in Figure 42b and the autocorrelation
tempogram shown in Figure 4.2d.

4.2 Cyclic Tempograms

The dierent pulse levels as present in the audio recordingsand revealed by the tem-
pograms (either harmonics or subharmonics) lead to octaveanfusions when determining
absolute tempo information, see Section 2.1. To reduce thearipact of such kind of tempo
confusions, we apply a similar strategy as in the computatio of chroma features[4]. Re-
call that two pitches having fundamental frequenciesf, and f, are considered as octave
equivalent, if they are related by f1 = 2Xf, for somek 2 Z. Similarly, we say that two
tempi 1 and » are octave equivalent if they are related by 1 = 2k, for somek 2 Z.
Then, for a given tempo parameter , the resulting tempo equivalence class is denoted by
[ ]. For example, for =120 one has [] = f:::;30;60; 120,240, 480:::9. Now, the cyclic
tempogram C induced by T is de ned by

X
atl]:= T ): (4.5)
2[ ]
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Figure 4.3: Cyclic tempogram G, (top) and Cf, (middle) with M = 15 as well as tempo-
based segmentations (bottom) forin The Year 2525 by Zager and Evans. Intro and interlude are
annotated.

Note that the tempo equivalence classes topologically coespond to a circle. Fixing a
reference tempo (e.g., = 60 BPM), the cyclic tempogram can be represented by a
mappingC : R Rsg! R o dened by

C(s)=Ct[s ) (4.6)

fort 2 R and s 2 R-o. Note that C(t;s) = C(t;2%s) for k 2 Z and C is completely
determined by its valuess 2 [1;2). Here, we use the representatiorC with = 60. As

illustration, Figure 4.1 shows various tempograms for a clik track of increasing tempo with
atempo increasing from =110to = 130 BPM. Figure 4.1b shows a Fourier tempogram
with harmonics and Figure 4.1c the resulting cyclic tempogam. As in the pitch context,

the tempo class [3] is referred to as thetempo dominant and corresponds to the third
harmonics 3 . In Figure 4.1c, the tempo dominant is visible as the increamg line in the

middle. Similarly, Figure 4.1d shows an autocorrelation tenpogram with subharmonics
and Figure 4.1e the resulting cyclic tempogram. Here, the tepo class [=3] is referred
to as the tempo subdominantand corresponds to the third subharmonics =3, see the
increasing line in the middle of Figure 4.1e.

For computing cyclic tempograms, recall that the tempo paraneter set introduced in
Section 4.1.1 comprises four tempo octaves ranging from = 30 to = 480, where each
octave is covered byM logarithmically spaced samples. Therefore, one obtains aiscrete
cyclic tempogram C™ (resp. C*) from the tempogram T (resp. T#) simply by adding up
the corresponding values of the four octaves as described g. (4.5). Using a reference
tempo of =60 BPM, we obtain the cyclic tempogram G, (resp. G,). Note that these
discrete cyclic tempograms areM -dimensional, where the cylic tempo axis is sampled at
M positions. For our Shostakovich example, Figure 4.2c (resp Figure 4.2e) shows the
discrete cyclic tempogramC§, (resp. C), where we used a time resolution of = 0:023
seconds and a tempo resolution d1 = 120. Note that the subharmonic tempo at measure
level corresponding to roughly 72 BPM & = 1:2) is clearly visible in C, but not in .
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Figure 4.4: Cyclic tempogram G, (top) and Cf, (middle) with M = 15 as well as tempo-
based segmentations (bottom) for Piano Sonata Op. 13 (Pathtique) by Beethoven performed by
Barenboim. All Grave parts are annotated.

4.3 Applications to Music Segmentation

As mentioned before, the cyclic tempograms are the tempo-ts®d counterparts of the
harmony-based chromagrams. Compared to usual tempogramshe cyclic versions are
more robust to tempo ambiguities that are caused by the variais pulse levels. Furthermore,
one can simulate changes in tempo simply by cyclically shifbhg a cyclic tempogram. Note
that this is similar to the property of chromagrams, which can be cyclically shifted to
simulate modulations in pitch. As one further advantage, een low-dimensional versions
of discrete cyclic tempograms still bear valuable local tempo information of the underlying
musical signal.

To illustrate the potential of our concept, we sketch how cydic tempograms can be used
for automated music segmentation, which is a central task irthe eld of music information
retrieval [123; 91; 114 Actually, there are many di erent strategies for segmenting music
signals such as novelty-based, repetition-based, and horgeneity-based strategies. In
the latter, the idea is to partition the music signal into segments that are homogenous
with regard to a speci ¢ musical property [114. In this context, timbre-related audio
features such as MFCCs or spectral envelopes are frequentliged, resulting in timbre-based
segmentations. Similarly, using chroma-based audio feates results in harmony-based
segmentations. We now indicate, how our cyclic tempogramsan be applied to obtain
tempo-based segmentations (using a simple two-class clusing procedure for illustration).
In the following examples, we use low-dimensional versionsf G, and G5, based onM = 15
di erent tempo classes. In our rst example, we consider thesonglIn The Year 2525 by
Zager and Evans. This song starts with a slow intro and contans a slow interlude of
the same tempo. The remaining parts (basically eight repetions of the chorus section)
are played in a di erent, much faster tempo. As can be seen in Kure 4.3, both cyclic
tempograms, G, and G, allow for separating the slow from the fast parts. As second
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Figure 4.5: Cyclic tempogram G, (top) and G5, (middle) with M = 15 as well as tempo-based
segmentations (bottom) for Hungarian Dance No. 5 by Brahms.

example, we consider a recording of the rst movement of Bedtoven's Piano Sonata Op. 13
(Pathetique). After a dramatic Grave introduction, the piece continues with Allegro di
molto e con brio. However, it returns twice to Grave|at the beginning of the development
section as well as in the coda. Using a purely tempo-based sagntation, the occurrences
of the three Grave sections can be recovered, see Figure 4.4. Here, in partienl the
autocorrelation tempogram G4y yields a clear discrimination. Finally, as a third example,
we consider a piano version of Brahms' Hungarian Dance No. 5 piece with many abrupt
changes in tempo. This property is well re ected by the cyclc tempograms shown in
Figure 4.5. In particular, the Fourier tempogram G, separates well the slow middle part
from the other, much faster parts.

4.4 Further Notes

As shown in this chapter, tempogram representations constute a class of powerful mid-
level representations that reveal local tempo informationfor music with signi cant tempo
changes while being invariant to extraction errors. Being he tempo-based counterpart
of the harmony-based chromagrams, cyclic tempograms are gable for music analysis
and retrieval tasks, where harmony-based criteria are not elevant. In the three example
discussed in this chapter, the cyclic tempograms yield musally meaningful segmentations
purely based on a low-dimensional representation of tempoActually, these segments can
not be recovered using MFCCs or chroma features, since the htogeneity assumption does
not hold with regard to timbre or harmony.

For the future, one could integrate our concept of cyclic tenpo features into a segmentation
and structure extraction framework. In practice, various srategies based on di erent
musical dimensions are needed to cope with the richness andversity of music [91; 143.
In this context, our features reveal musically meaningful gmentation purely based on
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tempo information, while being invariant to rhythmic [92], harmonic [84], and timbre [114]
properties. Furthermore, having low-dimensional tempo fatures (in the order of the 12-20
dimensions of chroma and MFCC features), makes it possiblestemploy index-based range
and nearest neighbor searches, which is important in view o cient music retrieval.
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Chapter 5

Reference-Based Folk Song
Segmentation

Generally, a folk song is referred to as a song that is sung byhe common people of a
region or culture during work or social activities. As a resut, folk music is closely related

to the musical culture of a specic nation or region. Since may decades, signi cant

e orts have been carried out to assemble and study large cadictions of folk songq95; 178;

94] which are not only part of the nations' cultural heritage but also allow musicologists
to conduct folk song research on a large scale. Among othersgsearchers are interested
in reconstructing and understanding the genetic relationsbetween variants of folk songs
as well as discovering musical connections and distinctiabetween di erent national or

regional cultures[178; 95; 94.

Even though folk songs were typically transmitted only orally without any xed symbolic
notation, most of the folk song research is conducted on the dsis of notated music ma-
terial, which is obtained by transcribing recorded tunes irto symbolic, score-based music
representations. These transcriptions are often idealiz& and tend to represent the pre-
sumed intention of the singer rather than the actual performance. After the transcription,
the audio recordings are often no longer studied in the actularesearch. This seems some-
what surprising, since one of the most important characterstics of folk songs is that they
are part of oral culture. Therefore, one may conjecture thatperformance aspects enclosed
in the recorded audio material are likely to bear valuable iformation, which is no longer
contained in the transcriptions. Furthermore, even though the notated music material
may be more suitable for classifying and identifying folk smgs using automated methods,
the user may want to listen to the original recordings rather than to synthesized versions
of the transcribed tunes.

One reason for folk song researchers to focus on symbolic regentations is that, due to
its massive data volume and complexity, audio material is geerally hard to deal with. In
a speci ¢ folk song recording, musically relevant informaton such as the occurring notes
(speci ed by musical onset times, pitches, and durations),the melody, or the rhythm are
not given explicitly, but are somehow hidden in the waveformof the audio signal.

It is the object of this chapter to indicate how the original r ecordings can be made more
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easily accessible for folk song researches and listeners bsidging the gap between the
symbolic and the audio domain. In particular, we present a pocedure for automatically
segmenting a given folk song recording that consists of serad repetitions of the same tune
into its individual stanzas. More precisely, for most folk ongs a tune is repeated over and
over again with changing lyrics. A typical eld recording th erefore consists of a sequence

the same tune. Given a eld recording, the segmentation taskconsists in identifying the

temporal boundaries of the various stanzas. In this chapter we introduce a reference-
based segmentation algorithm that employs a manually transribed reference stanza. The
segmentation is then achieved by locally comparing the eldrecording with the reference
stanza by means of a suitable distance function.

Main challenges arise from the fact that the folk songs are pd#ormed by elderly non-
professional singers under poor recording conditions. Thaingers often deviate signi -
cantly from the expected pitches and have serious problems ith the intonation. Even
worse, their voices often uctuate by several semitones domwards or upwards across the
various stanzas of the same recording. As our main contribubn, we introduce a combina-
tion of robust audio features along with various cleaning anl audio matching strategies to
account for such musical variations and inaccuracies. Ourwaluation based on folk song
recordings shows that we obtain a reliable segmentation ewvein the presence of strong
musical variations.

The remainder of this chapter is organized as follows. In Seion 5.1, we give an overview
on computational folk song research and introduce the Dutcholk song collectionOnder de
groene linde (OGL). In Section 5.2, we give a short introduction to chroma features, which
lay the basis for our analysis. Then, we describe a distanceifiction for comparing chroma
features (Section 5.3) and show how the segmentation of theualio recordings is derived
(Section 5.4). In Section 5.5, as one main contribution of tlis chapter, we describe various
enhancement strategies for achieving robustness to the afementioned pitch uctuations
and recording artifacts. Then, in Section 5.6, we report on ar systematic experiments
conducted on the OGL collection. Finally, further notes are given in Section 5.7.

5.1 Background on Folk Song Research

Folk songs are typically performed by common people of a regh or culture during work
or recreation. These songs are generally not xed by writtenscores but are learned and
transmitted by listening to and participating in performan ce. Systematic research on folk
song traditions started in the 19th century. At rst researc hers wrote down folk songs in
music notation at performance time, but from an early date orwards performances were
recorded using available technologies. Over more than a camy of research, enormous
amounts of folk song data have been assembled. Since the 1at®90s, digitization of folk
songs has become a matter of course. SE5] for an overview of European collections.

Digitized folk songs o er interesting challenges for comptational research, and the avail-
ability of extensive folk song material requires computatonal methods for large-scale mu-
sicological investigation of this data. Much interdisciplinary research into such methods
has been has been carried out within the context of music infonation retrieval (MIR).
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An important challenge is to create computational methods tat contribute to a bet-

ter musical understanding of the repertoire [177). For example, using computational
methods, motivic relationships between di erent folk songrepertoires are studied in[94].

Within individual traditions, the notion of tune family is i mportant. Tune families con-
sist of melodies that are considered to be historically releed through the process of oral
transmission. In the WITCHCRAFT project, computational mo dels for tune families
are investigated in order to create a melody search engine faDutch folk songs [179;
1846. In the creation of such models aspects from music cognitioplay an important role.

The representation of a song in human memory is not literal. uring performance, the
actual appearance of the song is recreated. Melodies thusnd to change over time and
between performers. But even within a single performance o strophic song interesting
variations of the melody may be found.

By systematically studying entire collections of folk song, researchers try to reconstruct
and understand the genetic relation between variants of f&t songs with the goal to discover
musical connections and distinctions between di erent natonal or regional cultures [95;
178. To support such research, several databases of encodedkslong melodies have been
assembled, the best known of which is the Essen folk song ddiasel which currently
contains roughly 20000 folk songs from a variety of sourcesnd cultures. This collection
has also been widely used in MIR research. For a survey of folkong research we refer
to [178.

Even though folk songs are typically orally transmitted in performance, much of the re-
search is conducted on the basis of notated musical materiand leaves potentially valuable
performance aspects enclosed in the recorded audio matekiaut of consideration. How-
ever, various folk song collections contain a considerablemount of audio data, which has
not yet been explored at a larger scale. An important step in ulocking such collections
of orally transmitted folk songs is the creation of contentbased search engines which al-
low users to browse and navigate within these collections orthe basis of the di erent
musical dimensions. The engines should enable a user to selarfor encoded data using
advanced melodic similarity methods. Furthermore, it shoudd also be possible to not only
visually present the retrieved items, but also to supply thecorresponding audio recordings
for acoustic playback. One way of solving this problem is to peate robust alignments
between retrieved encodings (for example in MIDI format) ard the audio recordings. The
segmentation and annotation procedure described in the fadwing exactly accomplishes
this task.

Since folk songs are part of oral culture, one may conjectur¢hat performance aspects
enclosed in the recorded audio material are likely to bear Vaable information, which is
no longer contained in the transcriptions. Performance anbysis has become increasingly
important in musicological research and in music psycholog In folk song research (or
more widely, in ethnomusicological research) computatioal methods are beginning to be
applied to audio recordings as well. Examples are the study foAfrican tone scales[122]
and Turkish rhythms [87]. Comparing the various stanzas of a folksong allows for stuging
performance and melodic variation within a single performace of a folk song.

In the Netherlands, folk song ballads (strophic, narrativesongs) have been extensively col-

Lhttp://www.esac-data.org/
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lected and studied. A long-term e ort to record these songs vas started by Will Scheepers
in the early 1950s, and it was continued by Ate Doornbosch urit the 1990s[70]. Their eld
recordings were usually broadcasted in the radio progranOnder de groene linde(Under
the green lime tree). Listeners were encouraged to contact @rnbosch if they knew more
about the songs. Doornbosch would then record their versiorand broadcast it. In this
manner a collection, in the following referred to asOGL collection, was created that not
only represents part of the Dutch cultural heritage but also documents the textual and
melodic variation resulting from oral transmission.

At the time of the recording, ballad singing had already largely disappeared from popular
culture. Ballads were widely sung during manual work until the rst decades of the 20th

century. The tradition came to an end as a consequence of twahovations: the radio and

the mechanization of manual labor. Decades later, when theacordings were made, the
mostly female, elderly singers often had to delve deeply infteir memories to retrieve the

melodies. The e ect is often audible in the recordings: thee are numerous false starts, and
it is evident that singers regularly began to feel comfortalle about their performance only

after a few strophes. Part of the e ect may have been caused byhe fact the recordings

were generally made from solo performances at home, wherettse original performance

setting would often have been a group of singers performinguting work.

The OGL collection, which is currently hosted at the Meertens Institute in Amsterdam, is
available through the Nederlandse LiederenbankNLB) 2. The database also gives access
to very rich metadata, including date and location of recordng, information about the
singer, and classi cation by tune family and (textual) topi c. The OGL collection contains
7277 audio recordings, which have been digitized as MP3 legstereo, 160 kbit/s, 44.1
kHz). Nearly all of the eld recordings are monophonic and canprise a large number
of stanzas (often more than 10 stanzas). When the collectiowas assembled, melodies
were transcribed on paper by experts. Usually only one stare is given in music no-
tation, but variants from other stanzas are regularly included. The transcriptions are
often idealized and tend to represent the presumed intentin of the singer rather than
the actual performance. For a large number of melodies, trascribed stanzas are avail-
able in various symbolic formats including LilyPond® and Humdrum [158, from which
MIDI representations have been generated (with a tempo sett&120 BPM for the quarter
note). At this date, around 2500 folk songs from OGL have beerencoded. In addition,
the encoded corpus contains 1400 folk songs from written sotes, and 1900 instrumental
melodies from written, historical sources, bringing the tdal number of encoded melodies
at approximately 5800. A detailed description of the encodd corpus is provided in[180.

5.2 Chroma-Based Audio Features

In our segmentation procedure, we assume that we are given aanscription of a reference
tune in the form of a MIDI le. Recall from Section 5.1 that thi s is exactly the situation
we have with the songs of the OGL collection. In the rst step, we transform the MIDI

reference as well as the audio recording into a common midalel representation. Here, we

2Dutch Song Database, http://www.liederenbank.nl
Swww.lilypond.org
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Figure 5.1: Representations of the beginning of the rst stanza of the fék song OGL27517.
(a) Score representation of the manually generated referenceanscription. (b) Chromagram of
the MIDI representation of the transcription. (c) Smoothed MIDI chromagram (CENS feature).
(d) Chromagram of an audio recording (CENS feature).(e) FO-enhanced chromagram as will be
introduced as rst enhancement strategy in Section 5.5.

use the well-known chroma representation, as described irhts section.

Chroma features have turned out to be a powerful mid-level reresentation for relating
harmony-based music, sed4; 6; 90; 123; 143; 162; 164 Assuming the equal-tempered

the twelve pitch spelling attributes as used in Western must notation. Note that in the
equal-tempered scale, di erent pitch spellings such €and D! refer to the same chroma. A

where x(1) corresponds to chroma C,x(2) to chroma Cl, and so on. Representing the
short-time energy content of the signal in each of the 12 pith classes, chroma features do
not only account for the close octave relationship in both méody and harmony as it is
prominent in Western music, but also introduce a high degreef robustness to variations in
timbre and articulation [4]. Furthermore, normalizing the features makes them invariant
to dynamic variations.

It is straightforward to transform a MIDI representation in to a chroma representation or
chromagram Using the explicit MIDI pitch and timing information one ba sically identi es
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Figure 5.2: Magnitude responses in dB for some of the pitch lters of the nultirate pitch lter
bank used for the chroma computation. Top: Filters corresponding to MIDI pitches p 2 [69 : 93]
(with respect to the sampling rate 4410 Hz). Bottom: Filters shifted half a semitone upwards.

pitches that belong to the same chroma class within a slidingwindow of a xed size,
see[90]. Disregarding information on dynamics, we derive a binary bromagram assuming
only the values 0 and 1% Furthermore, dealing with monophonic tunes, one has for
each frame at most one non-zero chroma entry that is equal to .1 Figure 5.1 shows
various representations for the folk song OGL27517. Figur&.1b shows a chromagram of
a MIDI reference corresponding to the score shown in Figure.%a. In the following, the
chromagram of the reference transcription is referred to aseference chromagramor MIDI
chromagram

For transforming an audio recording into a chromagram, one las to revert to signal pro-
cessing techniques. There are many ways of computing and eahcing chroma features,
which results in a large number of chroma variants with di erent properties [4; 58; 59;
123. Most chroma implementations are based on short-time Fouer transforms in com-
bination with binning strategies [4; 59. We use chroma features obtained from a pitch
decomposition using a multirate Iter bank as described in[123. A given audio signal is
rst decomposed into 88 frequency bands with center frequeciesf, corresponding to the
pitches A0 to C8 (MIDI pitches p =21 to p=108), where

fp =440 Hz 212 : (5.1)

Then, for each subband, we compute the short-time mean-squea power (i. e., the samples
of each subband output are squared) using a rectangular winalv of a xed length and an

overlap of 50 %. In the following, we use a window length of 20@nilliseconds leading to
a feature rate of 10 Hz (10 features per second). The resultqmfeatures measure the local
energy content of each pitch subband and indicate the presere of certain musical notes
within the audio signal, see[123 for further details.

The employed pitch Iters possess a relatively wide passbath, while still properly sep-
arating adjacent notes thanks to sharp cuto s in the transition bands, see Figure 5.2.

4Information about note intesities is not captured by the ref erence transcriptions.
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Actually, the pitch Iters are robust to deviations of up to 25 cent® from the re-
spective note's center frequency. The pitch Iters will play an important role in the
following sections. We then obtain a chroma representationby simply adding up the
corresponding values that belong to the same chroma. To ardhe invariance in dy-
namics, chroma vectors are normalized with respect to the Eclidean norm (signal en-
ergy). The resulting chroma features are further processedby applying suitable quan-
tization, smoothing, and downsampling operations resulthg in some enhanced chroma
features referred to as CENS (Chroma Energy Normalized Stastics). An implementa-
tion of these features is available onliné and described in[127. Adding a further degree
of abstraction by considering short-time statistics over aergy distributions within the
chroma bands, CENS features constitute a family of scalableand robust audio features
and have turned out to be very useful in audio matching and retieval applications [135;
108. These features allow for introducing a temporal smoothing To this end, feature vec-
tors are averaged using a sliding window technique dependinon a window size denoted
by w (given in frames) and a downsampling factor denoted byd, see[123 for details. In
our experiments, we average feature vectors over a window oesponding to one second
of the audio and a feature resolution of 10 Hz (10 features pesecond). Figure 5.1c shows
the resulting smoothed version of the reference (MIDI) chronagram shown in Figure 5.1b.
Figure 5.1d shows the nal smoothed chromagram (CENS) for oe of the ve stanzas of
the audio recording. For technical details, we refer to the @ed literature.

5.3 Distance Function

On the basis of the chroma representations, the idea is to ladly compare the reference
with the audio recording by means of a suitable distance funiton. This distance function

expresses the distance of the MIDI reference chromagram witsuitable subsegments of the
audio chromagram while being invariant to temporal variations between the reference and

be the one obtained from the audio recording as explained in &tion 5.2. The resulting
features X (k) := xx, k 2 [1 : K] := f1;,2;:::;Kg, and Y(°) =y, ~ 2 [1: L], are
normalized 12-dimensional vectors. We de ne the distanceunction := xy -[1:L]!
R[flg with respectto X and Y using a variant of dynamic time warping (DTW):

. 1 . .
()= K arzn[lln] DTW X;Y(a:) ; (5.2)
where Y (a : ) denotes the subsequence of starting at index a and ending at index

"2 [1:L]. Furthermore, DTW( X;Y (a: ')) denotes the DTW distance betweenX and

Y (a: *) with respect to a suitable local cost measure (in our case,he cosine distance).
The distance function can be computed e ciently using dyna mic programming. For

details on DTW and the distance function, we refer to [123. The interpretation of

is as follows: a small value () for some™ 2 [1 : L] indicates that the subsequence of

®The cent is a logarithmic unit to measure musical intervals. The semi tone interval of the equally-
tempered scale equals 100 cents.
e www.mpi-inf.mpg.de/resources/MIR/chromatoolbox/
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Figure 5.3: Top: Distance function for OGL27517 using original chroma features (gray) and
FO-enhanced chroma features (black)Bottom: Resulting segmentation.

Y starting at index a (with a 2 [1 : '] denoting the minimizing index in Eq. (5.2))
and ending at index " is similar to X. Here, the indexa can be recovered by a simple
backtracking algorithm within the DTW computation procedu re. The distance function

for OGL27517 is shown in Figure 5.3 as gray curve. The ve pronounced minima of
indicate the endings of the ve stanzas of the audio recordig.

5.4 Segmentation of the Audio Recording

Recall that we assume that a folk song audio recording basidly consists of a number of
repeating stanzas. Exploiting the existence of a MIDI refeence and assuming the repetitive
structure of the recording, we apply the following simple geedy segmentation strategy.
Using the distance function , we look for the index ™ 2 [1 : L] minimizing and compute
the starting index a:. Then, the interval S; :=[a : ] constitutes the rst segment The
value ( ) is referred to as thecost of the segment. To avoid large overlaps between the
various segments to be computed, we exclude a neighborhool:[: R-] [1:L] around
the index ~ from further consideration. In our strategy, we setL- := max(1;" %K) and
R :=min(L;" + %K), thus excluding a range of two thirds of the reference lendt to the
left as well as to the right of °. To achieve the exclusion, we modify simply by setting
(m):=1 form2[L-:R-]. To determine the next segmentS,, the same procedure is
repeated using the modi ed distance function, and so on. Ths results in a sequence of

segmentsSy; Sp; Sz;:::. The procedure is repeated until all values of the modied | ie
above a suitably chosenquality threshold > 0. Let N denote the number of resulting
segments, thenS;; Sy;:::; Sy constitutes the nal segmentation result, see Figure 5.3 fo

an illustration.

5.5 Enhancement Strategies

This basic segmentation approach works well as long as the rgjer roughly follows the
reference tune and stays in tune. However, for the eld recadings, this is an unrealistic
assumption. In particular, most singers have signi cant problems with the intonation.
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Their voices often uctuate by several semitones downward®or upwards across the various
stanzas of the same recording. In this section, we show how ¢hsegmentation procedure
can be improved to account for poor recording conditions, itonation problems, and pitch
uctuations.

Recall that the comparison of the MIDI reference and the audo recording is performed
on the basis of chroma representations. Therefore, the segmtation algorithm described
so far only works well in the case that the MIDI reference and he audio recording are in
the same musical key. Furthermore, the singer has to stick raghly to the pitches of the
well-tempered scale. Both assumptions are violated for masof the songs. Even worse,
the singers often uctuate with their voice by several semitones within a single recording.
This often leads to poor local minima or even completely uselss distance functions as
illustrated Figure 5.4. To deal with local and global pitch deviations as well as with poor
recording conditions, we use a combination of various enhaement strategies.

5.5.1 FO0-Enhanced Chromagrams

In our rst strategy, we enhance the quality of the chroma feaures similar to [59; 44
by picking only dominant spectral coe cients, which result s in a signi cant attenuation

of noise components. Dealing with monophonic music, we canogeven one step further
by only picking spectral components that correspond to the éindamental frequency (FO0).
More precisely, we use a modi ed autocorrelation method asusgygested in[32] to estimate
the fundamental frequency for each audio frame. For each frae, we then determine the
MIDI pitch p 2 [1:120] having center frequency

p_ 69

fp:2 12

440 Hz

that is closest to the estimated fundamental frequency. Nek in the pitch decomposition
used for the chroma computation (as explained in Section 5)2 we assign energy only to the
pitch subband that corresponds to the determined MIDI pitch|all other pitch subbands
are set to zero within this frame. Finally, the resulting sparse pitch representation is
projected onto a chroma representation and smoothed as expined in Section 5.2. The
FO-based pitch assignment is capable of suppressing most d¢fie noise resulting from
poor recording conditions and local pitch deviations causé by the singers' intonation
problems as well as vibrato are compensated to a substantialegree. The cleaning e ect
on the resulting chromagram, which is also referred to ag-0-enhanced chromagram is
illustrated by Figure 5.1e, showing the FO-enhanced variah of the audio chromagram
(see Figure 5.1d). This enhancement strategy leads to audichromagrams that exhibit
a much higher similarity to the reference chromagram (see Fjure 5.1c) than the original
chromagrams. As a result, the desired local minima of the dimnce function , which
are crucial in our segmentation procedure, become more prannced. This e ect is also
illustrated by the distance functions shown in Figure 5.3.

Even though the folk song recordings are monophonic, the FOstimation is often not
accurate enough in view of applications such as automated &mscription. However, using
chroma representations, octave errors as typical in FO egthations become irrelevant.
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Figure 5.4: Distance functions (light gray), rans (dark gray), and ¢ (black) as well as

the resulting segmentations for the song OGL25010.

5.5.2 Transposition-Invariant Distance Function

Next, we show how to deal with global pitch deviations and coiinuous uctuation across
several semitones. To account for a global di erence in key étween the MIDI reference and
the audio recording, we revert to the observation by Goto[62] that the twelve cyclic shifts of
a 12-dimensional chroma vector naturally correspond to thewelve possible transpositions.
Therefore, it su ces to determine the shift index that minim izes the chroma distance of
the audio recording and MIDI reference and then to cyclicaly shift the audio chromagram
according to this index. Note that instead of shifting the audio chromagram, one can
also shift the MIDI chromagram in the inverse direction. The minimizing shift index can
be determined either globally by using averaged chroma veors as suggested i1162 or
locally by computing twelve di erent distance functions for the twelve shifts, which are
then minimized to obtain a single transposition-invariant distance functions. We detalil
on the latter strategy, since it also solves part of the probém having a uctuating voice
within the audio recording. A similar strategy was used in[124] to achieve transposition
invariance for music structure analysis tasks.

We simulate the various pitch shifts by considering all twele possible cyclic shifts of the
MIDI reference chromagram. We then compute a separate distace function for each of the
shifted reference chromagrams and the original audio chroagram. Finally, we minimize
the twelve resulting distance functions, say 0..:-- 11 o obtain a single transposition-
invariant distance function '@"S :[1:L]! R[flg

trans(\) = ig}g;‘lll I(‘) : (53)
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Stanza 1 2 3 4 5 6 7 8 9 10
12 shift | 5 5 5 4 4 4 4 3 3 3
24 shift | 5.0 5.0 45 45 40 40 35 35 3.0 3.0

Table 5.1:  Shift indices (cyclically shifting the audio chromagrams wpwards) used for transposing
the various stanzas of the audio recording of OGL25010 to ojnally match the MIDI reference, see
also Figure 5.4. The shift indices are given in semitones (dhined by ") and in half semitones
(obtained by  Y¢).

Figure 5.4 shows the resulting function '@"S for a folk song recording with strong uc-
tuations. In contrast to the original distance function , t he function a"S exhibits a
number of signi cant local minima that correctly indicate t he segmentation boundaries of
the stanzas.

5.5.3 Fluctuation-Invariant Distance Function

So far, we have accounted for transpositions that refer to tle pitch scale of the equal-
tempered scale. However, the above mentioned voice uctuan are uent in frequency
and do not stick to a strict pitch grid. Recall from Section 5.2 that our pitch Iters can
cope with uctuations ofupto 25 cents. To cope with pitch deviations between 25 and 50
cents, we employ a second lter bank, in the following refered to ashalf-shifted Iter bank,
where all pitch lters are shifted by half a semitone (50 cens) upwards, see Figure 5.2.
Using the half-shifted Iter bank, one can compute a second bromagram, referred to as
half-shifted chromagram A similar strategy is suggested in[59; 164 where generalized
chroma representations with 24 or 36 bins (instead of the usal 12 bins) are derived from
a short-time Fourier transform. Now, using the original chromagram as well as the half-
shifted chromagram in combination with the respective 12 cylic shifts, one obtains 24
di erent distance functions in the same way as described abee. Minimization over the
24 functions yields a single function Y¢ referred to as uctuation-invariant distance
function. The improvements achieved by this novel distance functionare illustrated by
Figure 5.4. In regions with a bad intonation, the local minima of “¢ are much more
signi cant than those of  "@"S | Table 5.1 shows the optimal shift indices derived from the
transposition and uctuation-invariant strategies, wher e the decreasing indices indicate to
which extend the singer's voice rises across the various staas of the song.

5.6 Experiments

Our evaluation is based on a dataset consisting of 47 represetive folk song recordings
selected from the OGL collection described in Section 5.1. Ae audio dataset has a to-
tal length of 156 minutes, where each of the recorded song ceists of 4 to 34 stanzas
amounting to a total number of 465 stanzas. The recordings reeal signi cant deterio-

rations concerning the audio quality as well as the singer'performance. Furthermore,
in various recordings, the tunes are overlayed with soundsuch as ringing bells, singing
birds, or barking dogs, and sometimes the songs are interrupd by remarks of the singers.
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Strategy FO P R F
0.898 0.628 0.739 0.338 0.467 0.713
+ 0.884 0.688 0.774 0.288 0.447 0.624

trans 0.866 0.817 0.841 0.294 0.430 0.677
trans + 0.890 0.890 0.890 0.229 0.402 0.559
ue 0.899 0.901 0.900 0.266 0.409 0.641
ue + 0912 0.940 0926 0.189 0.374 0.494

Table 5.2: Performance measures for the reference-based segmentatiprocedure using the
tolerance parameter = 2 and the quality threshold = 0:4. The second column indicates
whether original ( ) or FO-enhanced (+) chromagrams are used.

We manually annotated all audio recordings by specifying the segment boundaries of the
stanzas' occurrences in the recordings. Since for most casthe end of a stanza more or
less coincides with the beginning of the next stanza and sircthe beginnings are more
important in view of retrieval and navigation applications, we only consider the start-
ing boundaries of the segments in our evaluation. In the fobwing, these boundaries are
referred to asground truth boundaries

To assess the quality of the nal segmentation result, we usegrecision and recall values.
To this end, we check to what extent the 465 manually annotatel stanzas within the

evaluation dataset have been identi ed correctly by the segnentation procedure. More
precisely, we say that a computed starting boundary is atrue positive, if it coincidences
with a ground truth boundary up to a small tolerance given by a parameter measured in
seconds. Otherwise, the computed boundary is referred to asfalse positive Furthermore,

a ground truth boundary that is not in a -neighborhood of a computed boundary is
referred to as afalse negative We then compute the precision P and the recall R for
the set of computed boundaries with respect to the ground trih boundaries. From these
values one obtains the F-measure

Fi=2 P R=(P+R) :

Table 5.2 shows the PR-based performance measures of oureefnce-based segmentation
procedure using di erent distance functions with original as well as FO-enhanced chroma-
grams. In this rst experiment, the tolerance parameter is £t to = 2 and the quality
threshold to = 0:4. Here, a tolerance of up to = 2 seconds seems to us an accept-
able deviation in view of our intended applications and the acuracy of the annotations.
For example, the most basic distance function with origina | chromagrams yields an
F-measure of F = 0:739. Using FO-enhanced chromagrams instead of the originaines
results in F = 0:774. The best result of F = 0926 is obtained when using Y¢ with
FO-enhanced chromagrams. Note that all of our introduced ehancement strategies result
in an improvement in the F-measure. In particular, the recal values improve signi cantly
when using the transposition and uctuation-invariant dis tance functions.

A manual inspection of the segmentation results showed thamost of the false negatives
as well as false positives are due to deviations in particulaat the stanzas' beginnings.
The entry into a new stanza seems to be a problem for some of tre@ngers, who need some
seconds before getting stable in intonation and pitch. A typcal example is NLB72355.
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P R F P R F
1 0637 0.639 0.638 0.1 0.987 0.168 0.287
2 0912 0.940 0.926 0.2 0.967 0.628 0.761
3 0939 0.968 0.953 0.3 0.950 0.860 0.903
4 0950 0.978 0.964 0.4 0912 0.940 0.926
5 0958 0.987 0.972 0.5 0.894 0944 0.918

Table 5.3: Dependency of the PR-based performance measures on the tdace parameter and

the quality threshold . All values refer to the reference-based segmentation predure with  “°

using FO-enhanced chromagramslLeft: PR-based performance measures for various and xed
= 0:4. Right: PR-based performance measures for various and xed =2.

Increasing the tolerance parameter , the average quality improves substantially, as in-
dicated by Table 5.3 (left). For example, using = 3 instead of = 2, the F-measure
increase fromF =0:926 to F = 0:953. Other sources of error are that the transcriptions
sometimes di er signi cantly from what is actually sung, as is the case for NLB72395.
Here, as was already mentioned in Section 5.1, the transcrip represent the presumed
intention of the singer rather than the actual performance. Finally, structural di erences
between the various stanzas are a further reason for segmeation errors. In a further
experiment, we investigated the role of the quality threshdd (see Section 5.4) on the
nal segmentation results, see Table 5.3 (right). Not surpiisingly, a small yields a high
precision and a low recall. Increasing , the recall increases at the cost of a decrease in
precision. The value = 0:4 was chosen, since it constitutes a good trade-o between
recall and precision.

Finally, to complement our PR-based evaluation, we introduce a second type of more softer
performance measures that indicate the signi cance of the dsired minima of the distance
functions. To this end, we consider the distance functionsdr all songs with respect to
a xed strategy and chroma type. Let be the average over the cost of all ground
truth segments (given by the value of the distance function & the corresponding ending
boundary). Furthermore, let be the average over all values of all distance functions. The
the quotient = = is a weak indicator on how well the desired minima (the desird true
positives) are separated from possible irrelevant minimathe potential false positives). A
low value for indicates a good separability property of the distance funtions. As for
the PR-based evaluation, the soft performance measures sia in Table 5.2 support the
usefulness of our enhancement strategies.

5.7 FRurther Notes

The reference-based segmentation procedure provides raftusegmentation results even in
the case of strong musical variations in the stanzas. As mainngridient, we introduced
enhancement strategies for dealing with the special charaeristics of the folk song record-
ings performed by elderly non-professional solo singers: OFenhanced chromagrams for
e ciently reducing background noise as well as transpositbn-invariant and uctuation-
invariant chromagrams for handling local transpositions and pitch shifts. However, the
presented procedure crucially depends on the availabilityof a manually generated refer-
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ence transcription. Recall from Chapter 5.1 that for the 727 audio recordings contained
in OGL, only 2500 are transcribed so far. For other folk song dtasets, the situation is
even worse. In Chapter 6, we deal with the question on how theegmentation can be done
if no MIDI reference is available.



Chapter 6

Reference-Free Folk Song
Segmentation

In this chapter, we introduce a reference-free segmentatioprocedure that does not rely on
any reference, thus overcoming the limitations of the refeence-based approach introduced
in the preceding chapter. Our idea is to apply a recent audio humbnailing approach
described in[129 to identify the most \repetitive" segment in a given recording. This
so-calledthumbnail then takes over the role of the reference. The thumbnailing ppcedure
is built upon suitable audio features and self-similarity matrices (SSM). To cope with the
aforementioned variations, we introduce various enhanceent strategies to absorb a high-
degree of these deviations and deformations already on theedture and SSM level. The
evaluation shows that the segmentation results of the refeence-free approach are compa-
rable to the ones obtained from the reference-based segmaitibn procedure introduced in
Chapter 5.

The remainder of this chapter is organized as follows. We r$ describe the self-similarity
matrices (Section 6.1). Then, we summarize the audio thumbailing procedure and explain
how the segmentation is obtained (Section 6.2). In Section .8, as main contribution of
this chapter, we introduce various strategies for enhancig the self-similarity matrices. We
report on our segmentation experiments (Section 6.4) and awlude in Section 6.5.

6.1 Self-Similarity Matrices

Most repetition-based approaches to audio structure analgis proceed as follows. In the
rst step, the music recording is transformed into a sequene X := (X1;Xg;:::;XN) Of
feature vectorsx, 2F,1 n N, whereF denotes a suitable feature space. We employ
chroma features as introduced in Section 5.2. In the secondep, based on a similarity
measures : F F ! R, one obtains anN N self-similarity matrix (SSM) by comparing
the elements ofX in a pairwise fashion:

S(n;m) := s(Xn; Xm);

81
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for n;m 2 [1:N]. Using normalized features vectors, we simply use the inmeproduct as
similarity measure s yielding a value between 0 and 1 (cosine measure). In the fallving,

atuple p=(n;m) 2 [1:N]?is called acell of S, and the value S(n; m) is referred to as
the score of the cell p. Introduced to the music context in [53], such matrices have turned
out to be a powerful tool for revealing repeating patterns of X. The crucial observation
is that each diagonal path (or stripe) of high similarity run ning in parallel to the main

diagonal of S indicates the similarity of two audio segments (given by theprojections of
the path onto the vertical and horizontal axis, respectively), see[143.

For example, Figure 6.1a shows an SSM for the rst eight stanas A1A2A3A4A5AcA7AS
of the eld recording OGL19101. The highlighted path encodes the similarity between
A, and As. If the eight segments would be close to being exact repetitins, one would
expect a \full* path structure as indicated by Figure 6.1f. H owever, due to the spectral
and temporal deviations between the sung stanzas, the pathtsicture is in general highly
distorted and fragmentary. In Section 6.3, we introduce varous enhancement strategies
to improve on the path structure of the SSM.

6.2 Audio Thumbnailing and Segmentation Procedure

In view of our folk song segmentation task, the enhancementfahe self-similarity is one
main step in order to achieve robustness to spectral deviatins. To deal we temporal
deviations, we apply a segmentation approach as proposed ii129. Since in our scenario
the recording basically consists of repetitions of a singléune, the segmentation problem
reduces to a thumbnailing problem. In general, the goal ofaudio thumbnailing is to nd
the most representative and repetitive segment of a given msic recordings, see, e.gl4;
22; 115. Typically, such a segment should have many (approximate) epetitions, and these
repetitions should cover large parts of the recording. Let

=[s:t] [1:N]

denote a segment speci ed by its starting points, end point t, and lengthj j:=t s+1.
In [129, a tness measure is introduced that assigns to each audio genent a tness
value ' ( ) 2 R that simultaneously captures two aspects. Firstly, it indicates how well
the given segment explains other related segments and, sautly, it indicates how much of
the overall music recording is covered by all these relatedegments. The audio thumbnail
is then de ned to be the segment having maximal tness ' over all possible segments.

In the computation of the tness measure, the main technicalidea is to assign to each audio
segment a so-calledoptimal path family over that simultaneously reveals the relations
between and all other similar segments. Figure 6.2 shows two segmesitalong with their
optimal path families, which can be computed e ciently using dynamic programming.
One main point is that each path family projected to the vertical axis induces a family of
segments, where each element of this family de nes a segmesimilar to . The induced
family of segments then de nes a segmentation of the audio @ording.

As an example, Figure 6.2 shows path families and induced segent families (vertical
axis) for two di erent segments (horizontal axis) for our ru nning example OGL19101. In
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Figure 6.1: Self similarity matrices for the rst eight stanzas of the folk song OGL19101. (a)
SSM computed from CENS features. The highlighted path encods the similarity of Az and A».
(b) SSM computed from FO-enhanced CENS features(c) Path-enhanced SSM.(d) Thresholded
and normalized SSMS. (e) Transposition-invariant SSM S | (f) Fluctuation-invariant SSM
SEad

Figure 6.2a the segment is = [83: 98], which corresponds to the sixth stanzaAg. The
induced segment family consists of eight di erent segmentswhich correspond to the eight

= [66: 98], which corresponds to the two subsequent stanzasAg. Here, the induced
segment family consists of four segments corresponding #1A>, A3A4, AsAg, and A7As.
The tness value of a given segment is derived from the corrgsonding path family and
the values of the underlying SSM. It is designed to slightly &vor shorter segments to
longer segments, sef129 for further details. In our example, it turns out that the tn ess-
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Figure 6.2: Path families and induced segment families for two dierent segments for
OGL19101. (&) = [83:98] (thumbnail, maximal tness, corresponding to stanza Ag). (b)
=[66:98] (corresponding to stanzasAsAg).

maximizing segment is indeed = [83:98]. The induced segment family of the tness
maximizing segment is taken as nal result of our segmentatbn problem.

6.3 Enhancement Strategies

Similar as for the reference-based segmentation procedyree use a combination of various
enhancement strategies to deal with local and global pitch dviations as well as with poor
recording conditions, see also Section 5.5.

6.3.1 FO0-Enhanced Self-Similarity Matrices

Firstly, we again compute FO-enhanced chromagrams by pickig only spectral coe cients
corresponding to the fundamental frequency (FO) as descrikd in Section 5.5. This results
in FO-enhanced SSMsas shown in Figure 6.1b. In comparison to the SSM computed &m
CENS features (Figure 6.1a), the FO-enhanced SSM exhibitsicreased robustness against
noise and recording artifacts as well as local pitch uctuaions.

6.3.2 Temporal Smoothing

Furthermore, to enhance distorted and fragmented paths of he SSMs, various matrix
enhancement strategies have been proposd6; 134; 144; 16}, where the main idea is
to apply some kind of smoothing Iter along the direction of the main diagonal having a
gradient of (1;1). This results in an emphasis of diagonal information inS and a denoising
of other structures, This form of ltering, however, typica Ily assumes that the tempo across
the music recording is more or less constant and repeating gments have roughly the same
length. In the presence of signi cant tempo di erences, hovever, simply smoothing along
the main diagonal may smear out important structural information. To avoid this, we

use a strategy that Iters the SSM along various gradients asproposed in[134] covering
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tempo variations of roughly 30 percent.

Obviously, choosing an appropriate value for the smoothingength parameter constitutes
a trade-o between enhancement capability and level of detd. A suitable parameter
depends on the kind of audio material'! See Figure 6.1c for an illustration and[134] for
details.

6.3.3 Thresholding and Normalization

We further process the SSM by suppressing all values that falbelow a given threshold.

Using normalized chroma features and the cosine measure asndarity measure, all values

of the SSM are between 0 and 1. Using a suitable threshold pamaeter t > 0 and a

penalty parameter p 0, we rst set the score values of all cells with a score below

to the value p and then linearly scale the range { : 1] to [0 : 1], see Figure 6.1d. The
thresholding introduces some kind of denoising, whereas th parameter p imposes some
additional penalty on all cells of low score. Intuitively, we want to achieve that the relevant

path structure lies in the positive part of the resulting SSM, whereas all other cells are
given a negative score. Note that di erent methods can be usa for thresholding such as
using a prede ned threshold or using a relative threshold toenforce a certain percentage
of cells to have positive scord162.2 Again we denote the resulting matrix simply by S.

6.3.4 Transposition and Fluctuation Invariance

As mentioned above, the non-professional singers of the folsongs often deviate signi -
cantly from the expected pitches and have serious problems ith the intonation. Even
worse, their voices often uctuate by several semitones domwards or upwards across the
various stanzas of the same recording. For example, in the sa of the OGL19101 record-
ing, the singer's voice constantly increases in pitch whilgperforming the stanzas of this
song. As a result, many expected paths of the resulting SSM arweak or even completely
missing as illustrated by Figure 6.1d.

One can simulate transpositions (shifts of one or several sg@itones) on the feature level
simply by cyclically shifting a chroma vector along its twelve dimensions[63]. Based on
this observation, we adopt the concept of transposition-ivariant self-similarity matrices
as introduced in[124]. Here, one rst computes the similarity between the origind feature
sequence and each of the twelve cyclically shifted versiond the chromagram resulting in
twelve similarity matrices. Then, the transposition-invariant SSM, denoted by S'@"S  is
calculated by taking the point-wise maximum over these tweve matrices. As indicated by
Figure 6.1e, many of the missing paths are recovered this way

The cyclic chroma shifts account for transpositions that carespond to the semitone level of
the equal-tempered scale. However, when dealing with the f song eld recordings, one

YIn our folk song experiments, we use a smoothing length correponding to 6 seconds. This also takes
into account that the length of an individual stanza is above t his value.

2 In our experiments, we choose the threshold in a relative fashion by keeping 40% of the cells having the
highest score and setp= 2. These values were found experimentally. Slight changes ofthe parameters'
values did not have a signi cant impact on the nal segmentat ion results.
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Strategy FO P R F

S 0.668 0.643 0.652
S + 0734 0.704 0.717
strane + 0.821 0821 0.821
Sha + 0.862 0.855 0.860
s“.,jj 10 + 0.871 0879 0.872

SY jj 10 (modied dataset) + 0.954 0.940 0.949
Reference-based method (see Table 5.2) + 0.912 0.940 0.926

Table 6.1: Precision, recall, and F-measure values for the referendeased segmentation method
(see Table 5.2) and the reference-free approach using= 2.

may have to deal with pitch uctuations that are fractions of semitones. One strategy may
be to introduce an additional tuning estimation step to adjust the frequency bands used
in the chroma decomposition[59; 127 and then to compute the SSM from the resulting
features. This strategy only works, when one has to deal witha global de-tuning that is
constant throughout the recording. For the eld recordings, however, one often has to
deal with local pitch uctuations. Actually, for many recordings such as OGL19101, the
singer continuously drops or raises with her voice over the various stanzas. Thiseads
to local path distortions and interruptions (see Figure 6.1e). To compensate for such
local de-tunings, we further sample the space of semitonessing di erent multirate lter
banks corresponding to a shift of 0, ¥4, 1=3, 1=2, 2=3, and 3=4 semitones, respectively,
see[127]. Using the resulting six di erent chromagrams together with the twelve cyclically
shifted versions of each of them, we compute 72 similarity miaices as above and then
take the point-wise maximum over these matrices to obtain a ggle uctuation-invariant
SSM, denoted by SU¢. This strategy leads to further improvements as as illustraed by
Figure 6.1f, which now shows the expected \full" path structure.

6.4 Experiments

Table 6.1 shows the results obtained for our reference-fresegmentation procedure (see
Chapter 5) as well as the results of the reference-based maill for comparison. For a
detailed description of the experimental setup, we refer toSection 5.6. Using the orig-
inal self-similarity matrix S derived from the original CENS features to determine the
tness maximizing segment , our reference-free method yields an F-measure value of
F = 0:652. Using our FO-enhanced CENS features to increase the robktness against
background noise and small local pitch deviations, the F-masure increases to F = 0717.
As mentioned before, dealing with eld recordings performa by non-professional singers
under poor recording conditions, the matrix enhancement stategies as introduced in Sec-
tion 6.3 are extremely important for obtaining robust segmentations. In particular, be-
cause of the continuous intonation and pitch shifts of the sngers, the concepts of trans-
position and uctuation invariance signi cantly improve t he segmentation results. For
example, using the transposition-invariant SSM S"@" | the F-measure value increases to
F = 0:821. Furthermore, when using the uctuation-invariant SSM SUY¢ that even ac-
counts for shifts corresponding to fractions of a semitonethe F-measure value further
increases to F = 0860.
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Assuming some prior knowledge on the minimal length of a stama, the results can be
further improved. For example, to avoid over-segmentation[116], one may consider only
segments satisfyingj j 10 seconds, which results in F = 0872, see Table 6.1. This re-
sult is still worse than the results obtained from the referace-based approach (F = 0926).

Actually, a manual inspection showed that this degradation was mainly caused by four
particular recordings, where the segmentation derived frm was \phase-shifted" com-

pared to the ground truth. Employing a boundary-based evalwation measure resulted in

an F-measure of F = 0 for these four recordings. Furthermorewe found out that these

phase shifts were caused by the fact that in all of these fourecordings the singer com-
pletely failed in the rst stanza (omitting and confusing entire verse lines). In these cases,
the stanza transcript used in the reference-based approacborresponds to the remaining
\correct" stanzas. As a result, the reference-based apprazh can better deal with this issue

and is able to recover at least the boundaries of the remainig stanzas.

In a nal experiment we simulate a similar behavior by replacing the four recordings using
a slightly shortened version, where we omit the rst stanzas respectively. Repeating the
previous experiment on this modi ed dataset produced an F-neasure of F = 0949, which
is already exceeding the quality obtained by the baseline nteod. However, there are still
some boundaries that are incorrectly detected by our approeh. A further investigation

revealed that most errors correspond to boundaries that areslightly misplaced and do
not fall into the 2 seconds tolerance. In many of these cases, there is a shorhaunt

of silence between two stanzas, which also introduces someaaertainty to the manually

annotated ground-truth boundaries.

6.5 Conclusion

In this chapter, we presented an reference-free approachrfautomatically segmenting folk
song eld recordings in a robust way even in the presence of @i cant temporal and
spectral distortions across repeating stanzas. One crudiatep in the overall segmentation
pipeline was to employ various enhancement strategies thaallow for dealing with such
distortions already on the feature and SSM levels. Our expements showed that one
obtains good segmentation results having a similar qualityas the ones obtained from the
reference-based method. Future work in this direction dea with the issue on how the
segmentation can be made more robust to structural di eren@s in the stanzas.

The described segmentation task is only a rst step towards naking the audio material

more accessible to performance analysis and folk song resefa In the next chapter, we

introduce tools that allow a folk song researcher to convemintly screen a large number
of eld recordings in order to detect and locate interesting and surprising features worth
being examined in more detail by domain experts.
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Chapter 7

Towards Automated Analysis of
Performance Variations

In this chapter, we present various techniques for analyzig the variations within the

recorded folk song material. As discussed in the previous epters, the singers often deviate
signi cantly from the expected pitches. Furthermore, there are also signi cant temporal
and melodic variations between the stanzas belonging to theame folk song recording. It
is important to realize that such variabilities and inconsistencies may be, to a signi cant
extent, properties of the repertoire and not necessarily aors of the singers. As the folk
songs are part of the oral culture and have been passed down @vcenturies without any
xed notation, variations introduced by the individual sin gers are very characteristic for
this kind of audio material (see Section 5.1 for a more deta#ld explanation of folk song
characteristics). To measure such deviations and variatios within the acoustic audio
material, we use a multimodal approach by exploiting the exstence of a symbolically
given transcription of an idealized stanza.

As one main contribution of this chapter, we propose a novel mathod for capturing tem-
poral and melodic characteristics of the various stanzas o recorded song in a compact
matrix representation, which we refer to aschroma template (CT). The computation of
such a chroma template involves several steps. First, we ceogrrt the symbolic transcrip-
tion as well as each stanza of a recorded song into chroma regsentations. On the basis
of these representations, we determine and compensate fone tuning di erences between
the recorded stanzas using the transcription as referencelo account for temporal varia-
tions between the stanzas, we use time warping techniques. irally, we derive a chroma
template by averaging the transposed and warped chroma remsentations of all recorded
stanzas and the reference. The key property of a chroma temate is that it reveals consis-
tent and inconsistent melodic performance aspects acros$i¢ various stanzas. Here, one
advantage of our concept is its simplicity, where the inforrmation is given in form of an
explicit and semantically interpretable matrix representation. We show how our frame-
work can be used to automatically measure variabilities in \arious musical dimensions
including tempo, pitch, and melody. In particular, it allow s for directly comparing the
realization of di erent stanzas of a folk song performance. Extracting such information
constitutes an important step for making the performance apects enclosed in the audio

89
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material accessible to performance analysis and to folk sgnresearch.

The remainder of this chapter is structured as follows. Firg, in Section 7.1, we introduce
and discuss in detail our concept of chroma templates and psent various strategies that
capture and compensate for variations in intonation and tuning. In Section 7.2, we describe
various experiments on performance analysis while discusg our concept by means of a
number of representative examples. In Section 7.3, we intduce a user interface that
makes the actual folk song recordings more accessible to eggchers. As on main idea, the
interface allows for intuitively navigating within a folk s ong recording and comparing the
constituent stanzas. Further notes and prospects on futurevork are given in Section 7.4.
Related work is discussed in the respective sections.

7.1 Chroma Templates

In the following, we assume that, for a given folk song, we haw an audio recording con-
sisting of various stanzas as well as a transcription of a regsentative stanza in form of
a MIDI le, which will act as a reference. Recall from Section 5.1 that this is exactly
the situation we have with the songs of the OGL collection. Futhermore, we assume
that a segmentation of the audio recording in its constituert stanzas is available. This
segmentation can be derived automatically using the approehes presented in Chapter 5
and Chapter 6. In order to compare the MIDI reference with theindividual stanzas of the
audio recording, we use chroma features as introduced in Sian 5.2. Figure 7.1 shows
chroma representations for the song NLB72246. Figure 7.1bhews the chromagram of
the MIDI reference corresponding to the score shown in Figwe 7.1a. Figure 7.1c shows
the chromagram of a single stanza of the audio recording. Inhe following, we refer to
the chromagram of an audio recording asaudio chromagram In our implementation, all
chromagrams are computed at a feature resolution of 10 Hz (16atures per second). For
details, we refer to Section 5.2.

As mentioned above, most singers have signi cant problems ith the intonation. To
account for poor recording conditions, intonation problens, and pitch uctuations we
apply the enhancement strategies as described in Section %. First, we enhance the
audio chromagram by exploiting the fact that we are dealing with monophonic music. To
this end, we estimate the fundamental frequency (FO) for ede audio frame and assign
energy only to the MIDI pitch with the center frequency that i s closest to the estimated
fundamental frequency. This results in chromagrams havingexactly one non-zero entry
in each time frame. The resulting binary chromagram is refered to FO-enhanced audio
chromagram By using an FO-based pitch quantization, most of the noise esulting from
poor recording conditions is suppressed. Also local pitch eviations caused by the singers'
intonation problems as well as vibrato are compensated to austantial degree. This e ect
is also visable in Figure 7.1d showing the FO-enhanced vemi of the audio chromagram
as shown in Figure 7.1c.

To account for global dierences in key between the MIDI refeence and the recorded
stanzas, we revert to the observation by Goto[62] that the twelve cyclic shifts of a 12-
dimensional chroma vector naturally correspond to the tweVe possible transpositions.
Therefore, it su ces to determine the cyclic shift index 2 [0 : 11] (where shifts are con-
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Figure 7.1: Multimodal representation of a stanza of the folk song NLB7246. (a) ldealized
transcription given in form of a score. (b) Reference chromagram of transcription. (c) Audio
chromagram of a eld recording of a single stanza. (d) FO0-enhanced audio chromagram. (e)
Transposed FO-enhanced audio chromagram cyclically shiéd by eight semitones upwards (= 8).

sidered upwards in the direction of increasing pitch) that minimizes the distance between
a stanza's audio and reference chromagram and then to cychdly shift the audio chroma-

gram according to this index. Figure 7.1e shows the cyclicéy shifted by eight semitones
( = 8) audio chromagram to match the key of the reference. Note he similarities between
the two chroma representations after correcting the transmsition. The distance measure
between the reference chromagram and the audio chromagrans based on dynamic time
warping as described in Section 5.3.

So far, we have accounted for transpositions that correspahto integer semitones of the
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(b)
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Figure 7.2: Tuned audio chromagrams of a recorded stanza of the folk sonyLB72246. (a)
Audio chromagram with respect to tuning parameter =6. (b) Audio chromagram with respect
to tuning parameter =6:5.

equal-tempered pitch scale. However, the above mentionedbice uctuations are uent in
frequency and do not stick to a strict pitch grid. To cope with pitch deviations that are
fractions of a semitone, we consider di erent shifts 2 [0; 1] in the assignment of MIDI
pitches and center frequencies as given by Eq. (5.1). More pcisely, for a MIDI pitch p,
the -shifted center frequencyf (p) is given by

p 69

fp=2 1 440 Hz: (7.1)

Now, in the FO-based pitch quantization as described abovepne can use -shifted center
frequencies for di erent values to account for tuning nuances. In our context, we use
four dierent values 2 0;%;3;2 in combination with the 12 cyclic chroma shifts to
obtain 48 di erent audio chromagrams. Actually, a similar strategy is suggested in[59;
162 where generalized chroma representations with 24 or 36 bingnstead of the usual 12
bins) are derived from a short-time Fourier transform. We then determine the cyclic shift
index and the shift that minimize the distance between the reference chromagma and
the resulting audio chromagram. These two minimizing numbes can be expressed by a
single rational number

= + 2]0;12), (7.2)

which we refer to astuning parameter. The audio chromagram obtained by applying a
tuning parameter is also referred to astuned audio chromagram Figure 7.2 illustrates
the importance of introducing the additional rational shift parameter . Here, slight
uctuations around a frequency that lies between the centerfrequencies of two neighboring
pitches leads to oscillations between the two correspondgchroma bands in the resulting
audio chromagram, see Figure 7.2a. By applying an additioniahalf-semitone shift ( =

0:5) in the pitch quantization step, these oscillations are renoved, see Figure 7.2b.

We now show how one can account for temporal and melodic di egnces by introducing the
concept of chroma templates, which reveal consistent and ronsistent performance aspects
across the various stanzas. Our concept of chroma templates similar to the concept of
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Figure 7.3: Chroma template computation for the folk song NLB72246. (a) Reference chro-
magram. (b) Three audio chromagrams. (c) Tuned audio chromagrams. (d) Warped audio
chromagrams. (e) Average chromagram obtained by averaging the three audio alomagrams of
(d) and the reference of (a). (f) Chroma template.

motion templates proposed in[136, which were applied in the context of content-based
retrieval of motion capture data. For a xed folk song, let Y 2 f0;1g% - denote the
boolean reference chromagram of dimensiod = 12 and of length (number of columns)
L 2 N. Furthermore, we assume that for a given eld recording of the song we know
the segmentation boundaries of its constituent stanzas. Inthe following, let N be the
number of stanzas and letX, 2 f 0;1g® Kn, n 2 [1:N], be the F 0-enhanced and suitably
tuned boolean audio chromagrams, wher&, 2 N denotes the length ofX,. To account



94 CHAPTER 7. AUTOMATED ANALYSIS OF PERFORMANCE VARIATIONS

for temporal di erences, we temporally warp the audio chromagrams to correspond to
the reference chromagramY. Let X = X, be one of the audio chromagrams of length
K = Kp. To align X and Y, we employ classical dynamic time warping (DTW) using

the Euclidean distance as local cost measure: R'? R2! R to compare two chroma
vectors. (Note that when dealing with binary chroma vectorsthat have at most one non-

zero entry, the Euclidean distance equals the Hamming distace.) Recall that a warping

path is a sequence = (p1;:::;pm) With pm = (Km; m) 2 [1:K] [1:L]form2[1:M]

satisfying the boundary condition

pr=(1;1) and pv =(K;L)
as well as the step size condition
Pm+1 Pm 2f(1;0);(0;1);(1;1)g

form2 [1:M 1]. The total cost of p is de ned as P mzl c(X (km);Y("m)). Now, let
p denote a warping path having minimal total cost among all posible warping paths.
Then, the DTW distance DTW( X;Y ) betweenX and Y is de ned to be the total cost of
p . Itis well-known that p and DTW( X;Y ) can be computed inO(KL ) using dynamic
programming, see[123; 149 for details. Next, we locally stretch and contract the audio
chromagram X according to the warping information supplied by p . Here, we have to

consider two cases. In the rst casep contains a subsequence of the form

for somen 2 N, i.e., the column X (k) is aligned to the n columnsY (*);:::;Y(C+n 1)
of the reference. In this case, we duplicate the columiX (k) by taking n copies of it. In
the second casep contains a subsequence of the form

for somen 2 N, i.e., the n columns X (k);:::;X(k+ n 1) are aligned to the single
column Y (7). In this case, we replace then columns by a single column by taking the
component-wise AND-conjunction X (k) ~ :::~ X(k+ n 1). For example, one obtains

0 1 0 1 0 1

RUHBHEH!

The resulting warped chromagram is denoted byX . Note that X is still a boolean chro-
magram and the length of X equals the lengthL of the referenceY, see Figure 7.3d for
an example.

After the temporal warping we obtain an optimally tuned and warped audio chromagram
for each stanza. Now, we simply average the reference chroggam Y with the warped

audio chromagramsXq;:::; Xy to yield an average chromagram
1 X
= N+1 + Xn : (7.3)

n2[L:N]
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Note that the average chromagramZ has real-valued entries between zero and one and
has the same lengthL as the reference chromagram. Figure 7.3e shows such an avgea
chromagram obtained from three audio chromagrams and the ference chromagram.

The important observation is that black/white regions of Z indicate periods in time (hor-
izontal axis) where certain chroma bands (vertical axis) cosistently assume the same
values zero/one in all chromagrams, respectively. By contast, colored regions indicate in-
consistencies mainly resulting from variations in the audo chromagrams (and partly from
inappropriate alignments). In other words, the black and white regions encode character-
istic aspects that are shared by all chromagrams, whereas thcolored regions represent
the variations coming from di erent performances. To make inconsistent aspects more
explicit, we further quantize the matrix Z by replacing each entry of Z that is below a
threshold by zero, each entry that is above 1 by one, and all remaining entries by
a wildcard character indicating that the corresponding value is left unspeci ed, see Fig-
ure 7.3f. The resulting quantized matrix is referred to aschroma template for the audio

section, we discuss the properties of such chroma templates detail by means of several
representative examples.

7.2 Folk Song Performance Analysis

The analysis of di erent interpretations, also referred to as performance analysis has
become an active research eld37; 111; 152; 184; 195 Here, one objective is to extract
expressive performance aspects such as tempo, dynamics,daarticulation from audio
recordings. To this end, one needs accurate annotations ohe audio material by means
of suitable musical parameters including onset times, noteduration, sound intensity, or
fundamental frequency. To ensure such a high accuracy, antation is often done manually,
which is infeasible in view of analyzing large audio collegons. For the folk song scenario,
we now sketch how various performance aspects can be derivad a fully automated
fashion. In particular, we discuss how one can capture perfcmance aspects and variations
regarding tuning, tempo, as well as melody across the variaistanzas of a eld recording.

For the sake of concreteness, we explain these concepts by ams of our running example
NLB72246 shown in Figure 7.1a. As discussed in Section 7.1,.ewrst compensate for dif-
ference in key and tuning by estimating a tuning parameter for each individual stanza
of the eld recording. This parameter indicates to which extend the stanza's audio chro-
magram needs to be shifted upwards to optimally agree with tie reference chromagram.
Figure 7.4b shows the tuning parameter for each of the 25 stanzas of the eld recording.
As can be seen, the tuning parameter almost constantly deceses from stanza to stanza,
thus indicating a constant rise of the singer's voice. The siger starts the performance by
singing the rst stanza roughly = 7:75 semitones lower than indicated by the reference
transcription. Continuously going up with the voice, the singer nishes the song with the
last stanza only = 4:5 semitones below the transcription, thus di ering by more than
three semitones from the beginning. Note that in our processg pipeline, we compute
tuning parameters on the stanza level. In other words, signtant shifts in tuning within

a stanza cannot yet be captured by our methods. This may be oneinwanted reason
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Figure 7.4: Various performance aspects for a eld recording of NLB7228 comprising 25 stanzas.
(@) Reference chromagram.(b) Tuning parameter for each stanza.(c) - (f) Tempo curves for
the stanzas 1, 7, 19, and 25(g) Average chromagram.(h) Chroma template.

when obtaining many inconsistencies in our chroma templats. For the future, we think
of methods on how to handle such detuning artifacts within stinzas.

After compensating for tuning di erences, we apply DTW-based warping techniques in or-
der to compensate for temporal di erences between the recaoled stanzas, see Section 7.1.
Actually, an optimal warping path p encodes the relative tempo di erence between the
two sequences to be aligned. In our case, one sequence cqumgls to one of the per-
formed stanzas of the eld recording and the other sequenceacresponds to the idealized
transcription, which was converted into a MIDI representation using a constant tempo of
120 BPM. Now, by aligning the performed stanza with the refeence stanza (on the level of
chromagram representations), one can derive the relativedmpo deviations between these
two versions[133. These tempo deviations can be described through a tempo cue that,
for each position of the reference, indicates the relativeempo di erence between the per-
formance and the reference. In Figure 7.4c-f, the tempo cums for four recorded stanzas
of NLB72246 are shown. The horizontal axis encodes the timexés of the MIDI reference
(rendered at 120 BPM), whereas the vertical encodes the retave tempo di erence in form
of a factor. For example, a value of 1 indicates that the perfomance has the same tempo
as the reference (in our case 120 BPM). Furthermore, the vale 1=2 indicates half the



7.2. FOLK SONG PERFORMANCE ANALYSIS 97

(b)

12

0 5 10 15

(©) Time (sec)
oF ‘ ‘
1W
12t 1/2
0 5 10 15 0 5 10 15
Time (sec) Time (sec)

©

1WM 1W

0 5 10 15 0 5 10 15
Time (sec) Time (sec)

15 0 5 10
Time (sec)

10
Time (sec)

Figure 7.5 Various performance aspects for a eld recording of NLB736@ comprising 5
stanzas. (a) Reference chromagram.(b) Tuning parameter for each stanza. (c) - (f)
Tempo curves for the rst 4 stanzas. (g) Average chromagram.(h) Chroma template.

tempo (in our case 60 BPM) and the value 2 indicates twice the ¢mpo relative to the
reference (in our case 240 BPM). As can be seen from Figure t.4the singer performs
the rst stanza at an average tempo of roughly 85 BPM (factor 0:7). However, the tempo
is not constant throughout the stanza. Actually, the singer starts with a fast tempo, then
slows down signi cantly, and accelerates again towards theend of the stanza. Similar
tendencies can be observed in the performances of the othetagzas. As an interesting
observation, the average tempo of the stanzas continuouslincreases throughout the per-
formance. Starting with an average tempo of roughly 85 BPM inthe rst stanza, the
tempo averages to 99 BPM in stanza 7, 120 BPM in stanza 19, andeaches 124 BPM in
stanza 25. Also, in contrast to stanzas at the beginning of tlke performance, the tempo is
nearly constant for the stanzas towards the end of the recorithg. This may be an indi-
cator that the singer becomes more con dent in her singing cpabilities as well as in her
capabilities of remembering the song.

Finally, after tuning and temporally warping the audio chro magrams, we compute an av-
erage chromagram and a chroma template. In the quantizatiorstep, we use a threshold

. In our experiments, we set =0:1, thus disregarding inconsistencies that occur in less
than 10% of the stanzas. This introduces some robustness t@kds outliers. The average



98 CHAPTER 7. AUTOMATED ANALYSIS OF PERFORMANCE VARIATIONS

1

0.8
0.6
0.4
0.2
0

1

0.8
0.6
0.4
0.2

Time (sec)

B
A#
A
G#
G
F#
=
E
D#
D
C#
C

Figure 7.6: Reference chromagram (top), average chromagram (middle)rad chroma template
(bottom) for the folk song recording NLB74437 comprising 8 sanzas.

chromagram and a chroma template for NLB72246 are shown of Bure 7.4g and Fig-
ure 7.4h, respectively. Here, in contrast to Figure 7.3, alk5 stanzas of the eld recording
were considered in the averaging process. As explained albmvthe wildcard character
(gray color) of a chroma template indicates inconsistent pgformance aspects across the
various stanzas of the eld recording. Since we already comgnsated for tuning and tempo
di erences before averaging, the inconsistencies indicat by the chroma templates tend
to re ect local melodic inconsistencies and inaccuraciesWe illustrate this by our running
example, where the inconsistencies particularly occur inhe third phrase of the stanza
(starting with the fth second of the MIDI reference). One po ssible explanation for these
inconsistencies may be as follows. In the rst two phrases ofhe stanza, the melody is
relatively simple in the sense that neighboring notes di eronly either by a unison interval
or by a second interval. Also the repeating note A4 plays the ole of a stabilizing anchor
within the melody. In contrast, the third phrase of the stanza is more involved. Here,
the melody contains several larger intervals as well as a met change. Therefore, because
of the higher complexity, the singer may have problems in aagrately and consistently
performing the third phrase of the stanza.

As a second example, we consider the folk song NLB73626, seiglire 7.5. The correspond-
ing eld recording comprises 5 stanzas, which are sung in a tatively clean and consistent
way. Firstly, the singer keeps the pitch more or less on the gae level throughout the
performance. This is also indicated by Figure 7.5b, where om has a tuning parameter
of =4 for all, except for the rst stanza where one has = 3:75. Secondly, as shown
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Figure 7.7: Reference chromagram (top), average chromagram (middle)rad chroma template
(bottom) for the folk song recording NLB73287 comprising 11stanzas.

by Figure 7.5c-f, the average tempo is consistent over all sihzas. Also, the shapes of all
the tempo curves are highly correlated. This temporal congtency may be an indicator
that the local tempo deviations are a sign of artistic intention rather than a random and
unwanted imprecision. Thirdly, the chroma template shown in Figure 7.5h exhibits many
white regions, thus indicating that many notes of the melody have been performed in a
consistent way. The gray areas, in turn, which correspond tathe inconsistencies, appear
mostly in transition periods between consecutive notes. Fthermore, they tend to have
an ascending or descending course while smoothly combinirihe pitches of consecutive
notes. Here, one reason is that the singer tends to slide be&en two consecutive pitches,
which has the e ect of some kind of portamento. All of these p&formance aspects indi-
cate that the singer seems to be quite familiar with the song ad con dent in her singing
capabilities.

We close our discussion on performance analysis by having adk at the chroma templates
of another three representative examples. Figure 7.6 shovike chroma template of the folk
song NLB74437. The template shows that the performance is vg consistent, with almost
all notes remaining unmasked. Actually, this is rather surgrising since NLB74437 is one of
the few recordings, where several singers perform togetheiEven though, in comparison
to other recordings, the performers do not seem to be particiarly good singers and even
di er in tuning and melody, singing together seems to mutually stabilize the singers thus
resulting in a rather consistent overall performance. Alsothe chroma template shown in
Figure 7.7 is relatively consistent. Similarly to the exampe shown in Figure 7.5, there
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Figure 7.8: Reference chromagram (top), average chromagram (middle)rad chroma template
(bottom) for the folk song recording NLB72395 comprising 12stanzas.

are inconsistencies that are caused by portamento e ects. 8 a last example, we consider
the chroma template of the folk song NLB72395, where nearly lanotes have been marked
as inconsistent, see Figure 7.8. This is a kind of negative selt, which indicates the
limitations of our concept. A manual inspection showed that some of the stanzas of the
eld recording exhibit signi cant structural di erences, which are neither re ected by the
transcription nor in accordance with most of the other stanzas. For example, in at least two
recorded stanzas one entire phrase is omitted by the singetn such cases, using a global
approach for aligning the stanzas inevitably leads to poor ad semantically meaningless
alignments that cause many inconsistencies. The handlingfosuch structural di erences
constitutes an interesting research problem.

7.3 A User Interface for Folk Song Navigation

Chroma templates capture performance aspects and variatias in the various stanzas of a
folk song. In particular, the chroma templates give avisual impression of the variations
occurring. We now present a user interface that allows for aalyzing such variations
by means of listening to and, in particular, comparing the dierent stanzas of an audio
recording in a convenient way.

Once having segmented the audio recording into stanzas andomputed alignment paths
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between the MIDI reference and all audio stanzas, one can tmederive the temporal
correspondences between the MIDI and the audio representiin with the objective to
associate note events given by the MIDI le with their physical occurrences in the audio
recording, see[123 for details. The result can be regarded as an automated annation
of the entire audio recording with available MIDI events. Such annotations facilitate
multimodal browsing and retrieval of MIDI and audio data, th us opening new ways of
experiencing and researching music. For example, most suessful algorithms for melody-
based retrieval work in the domain of symbolic or MIDI music. On the other hand, retrieval
results may be most naturally presented by playing back the dginal recording of the
melody, while a musical score or a piano-roll representatio may be the most appropriate
form for visually displaying the query results. For a descrption of such functionalities, we
refer to [26].

Furthermore, aligning each stanza of the audio recording tothe MIDI reference yields a
multi-alignment between all stanzas. Exploiting this alignment, one can implement inter-
faces that allow a user to seamlessly switch between the varis stanzas of the recording
thus facilitating a direct access and comparison of the audi material [123. The Audio
Switcher [57] constitutes such a user interface, which allows the user togen in parallel a
synthesized version of the MIDI reference as well as all stamas of the folk song recording,
see Figure 7.9. Each of the stanzas is represented by a slidear indicating the current
playback position with respect to the stanza's particular time scale. The stanza that is cur-
rently used for audio playback, in the following referred toas active stanza, is indicated by
a red marker located to the left of the slider bar. The slider knob of the active stanza moves
at constant speed while the slider knobs of the other stanzamove accordingly to the rela-
tive tempo variations with respect to the active stanza. The active stanza may be changed
at any time simply by clicking on the respective playback synibol located to the left of each
slider bar. The playback of the new active stanza then startsat the time position that
musically corresponds to the last playback position of the érmer active stanza. This has
the e ect of seamlessly crossfading from one stanza to anoér while preserving the current
playback position in a musical sense. One can also jump to angosition within any of the
stanzas by directly selecting a position of the respectivelgler. Such functionalities assists
the user in detecting and analyzing the di erences between everal recorded stanzas of a
single folk song. The Audio Switcher is realized as plug-in fothe SyncPlayer system[106;
57], which is an an advanced software audio player with a plug-irinterface for MIR appli-
cations and provides tools for navigating within audio recadings and browsing in music
collections. For further details and functionalities, we refer to the literature.

7.4 Conclusion

In this chapter, we presented a multimodal approach for extacting performance param-
eters from folk song recordings by comparing the audio mateal with symbolically given
reference transcriptions. As the main contribution, we introduced the concept of chroma
templates that reveal the consistent and inconsistent meldic aspects across the various
stanzas of a given recording. In computing these templateswe used tuning and time
warping strategies to deal with local variations in melody, tuning, and tempo.
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Figure 7.9: Instance of the Audio Switcher plug-in of the SyncPlayer shaving the synthesized
version of the MIDI reference and the ve di erent stanzas of the audio recording of OGL27517.

The variabilities across the various stanzas of a given reeding revealed and observed in
this chapter may have various causes, which need to be furtleexplored in future research.
Often these causes are related to questions in the area of magognition. A rst hypothesis
is that stable notes are structurally more important than variable notes. The stable notes
may be the ones that form part of the singer's mental model of he song, whereas the
variable ones are added to the model at performance time. Vaations may also be caused
by problems in remembering the song. It has been observed thaften melodies stabilize
after the singer performed a few iterations. Such e ects mayo er insight in the working
of the musical memory. Furthermore, melodic variabilities caused by ornamentations can
also be interpreted as a creative aspect of performance. Sueariations may be motivated
by musical reasons, but also by the lyrics of a song. Sometinsesong lines have an irregular
length, necessitating the insertion or deletion of notes. ¥riations may also be introduced
by the singer to emphasize key words in the text or, more genat, to express the meaning
of the song. Finally one may study details on tempo, timing, ptch, and loudness in
relation to performance, as a way of characterizing perforrance styles of individuals or
regions.
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Chapter 8

A Review of Content-Based Music
Retrieval

The way music is stored, accessed, distributed, and consurdeunderwent a radical
change in the last decades. Nowadays, large collections daming millions of digital
music documents are accessible from anywhere around the wdr Such a tremendous
amount of readily available music requires retrieval strakegies that allow users to ex-
plore large music collections in a convenient and enjoyablevay. Most audio search en-
gines rely on metadata and textual annotations of the actualaudio content [19]. Edi-
torial metadata typically include descriptions of the arti st, title, or other release infor-
mation. The drawback of a retrieval solely based on editorih metadata is that the user
needs to have a relatively clear idea of what he or she is loakj for. Typical query
terms may be a title such as \Act naturally" when searching the song by The Beatles
or a composer's name such as \Beethoven" (see Figure 8.14).In other words, tradi-
tional editorial metadata only allow to search for already known content. To overcome
these limitations, editorial metadata has been more and mog complemented by gen-
eral and expressive annotations (so calledags) of the actual musical content [10; 97;
173. Typically, tags give descriptions of the musical style or @nre of a recording, but may
also include information about the mood, the musical key, orthe tempo [110; 172. In par-
ticular, tags form the basis for music recommendation and naigation systems that make
the audio content accessible even when users are not lookifigr a speci ¢ song or artist but
for music that exhibits certain musical properties[173. The generation of such annotations
of audio content, however, is typically a labor intensive aml time-consuming procesd19;
172. Furthermore, often musical expert knowledge is requireddr creating reliable, consis-
tent, and musically meaningful annotations. To avoid this tedious process, recent attempts
aim at substituting expert-generated tags by user-generatd tags[172. However, such tags
tend to be less accurate, subjective, and rather noisy. In dter words, they exhibit a high
degree of variability between users. Crowd (or social) tagimg, one popular strategy in this
context, employs voting and Itering strategies based on lage social networks of users for
\cleaning" the tags [110. Relying on the \wisdom of the crowd" rather than the \power o f
the few" [99], tags assigned by many users are considered more reliableaih tags assigned

Lwww.google.com (accessed Dec. 18, 2011)
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(a) (b) (c)

Figure 8.1: lllustration of retrieval concepts. (a) Traditional retrieval using textual metadata
(e.q., artist, title) and a web search engine.(b) Retrieval based on rich and expressive metadata
given by tags. (c) Content-based retrieval using audio, MIDI, or score information.

by only a few users. Figure 8.1b shows the Last.ffhtag cloud for \Beethoven". Here, the

font size re ects the frequency of the individual tags. One najor drawback of this approach

is that it relies on a large crowd of users for creating reliatke annotations [11d. While

mainstream pop/rock music is typically covered by such anndations, less popular genres
are often scarcely tagged. This phenomenon is also known ake \long-tail" problem [20;

172. To overcome these problemsgcontent-based retrieval strategies have great poten-
tial as they do not rely on any manually created metadata but are exclusively based
on the audio content and cover the entire audio material in anobjective and repro-
ducible way [19]. One possible approach is to employ automated procedures rfdagging

music, such as automatic genre recognition, mood recognih, or tempo estimation [9;

173. The major drawback of these learning-based strategies ishe requirement of large
corpora of tagged music examples as training material and th limitation to queries in tex-

tual form. Furthermore, the quality of the tags generated by state-of-the-art procedures
does not reach the quality of human generated tag$173.

In this chapter, we present and discuss various retrieval sategies based on audio content
that follow the query-by-exampleparadigm: given an audio recording or a fragment of
it (used as query or example), the task is to automatically rd@rieve documents from a
given music collection containing parts or aspects that aresimilar to it. As a result,
retrieval systems following this paradigm do not require ary textual descriptions. However,
the notion of similarity used to compare di erent audio recordings (or fragments) is of
crucial importance and largely depends on the respective ggication as well as the user
requirements. Such strategies can be loosely classi ed amaing to their speci city, which
refers to the degree of similarity between the query and the dtabase documents.

The remainder of this chapter is organized as follows. In Sé¢ion 8.1, we rst give an
overview on the various audio retrieval tasks following thequery-by-example paradigm.
In particular, we extend the concept of speci city by introd ucing a second aspect: the
granularity of a retrieval task referring to the temporal scope. Then, we discuss repre-
sentative state-of-the-art approaches to audio identi caion (Section 8.2), audio matching
(Section 8.3), and version identi cation (Section 8.4). In Section 8.5, we discuss open
problems in the eld of content-based retrieval and give an aitlook on future directions.

Zwww.last.fm (accessed Dec. 18, 2011)
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Figure 8.2: Speci city/granularity pane showing the various facets of content-based music re-
trieval.

8.1 Audio-Based Query-By-Example

Many di erent audio content-based retrieval systems have keen proposed, following dif-
ferent strategies and aiming at di erent application scenaios. Generally, such retrieval
systems can be characterized by various aspects such as thetion of similarity, the un-
derlying matching principles, or the query format. Following and extending the concept
introduced in [19], we consider the following two aspects:speci city and granularity, see
Figure 8.2. The speci city of a retrieval system refers to the degree of similarity betveen
the query and the database documents to be retrieved. Highgeci c retrieval systems
return exact copies of the query (in other words, theyidentify the query or occurrences
of the query within database documents), whereas low-spedci retrieval systems return
vague matches that are similar with respect to some musical perties. As in [19], dif-
ferent content-based music retrieval scenarios can be arrged along a speci city axis as
shown in Figure 8.2 (horizontally). We extend this classi cation scheme by introducing
a second aspect, thegranularity (or temporal scope) of a retrieval scenario. Infragment-
level retrieval scenarios, the query consists of a short fragmendf an audio recording, and
the goal is to retrieve all musically related fragments that are contained in the documents
of a given music collection. Typically, such fragments may over only a few seconds of
audio content or may correspond to a motif, a theme, or a musial part of a record-
ing. In contrast, in document-levelretrieval, the query re ects characteristics of an entire
document and is compared with entire documents of the databse. Here, the notion of
similarity typically is rather coarse and the features capture global statistics of an entire
recording. In this context, one has to distinguish between eme kind of internal and some
kind of external granularity of the retrieval tasks. In our classi cation scheme, we use
the term fragment-level when a fragment-based similarity neasure is used to compare
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fragments of audio recordings (internal), even though entie documents are returned as
matches (external). Using such a classi cation allows for gtending the speci city axis to
a speci city/granularity pane as shown in Figure 8.2. In particular, we have identi ed four
di erent groups of retrieval scenarios corresponding to tre four clouds in Figure 8.2. Each
of the clouds, in turn, encloses a number of di erent retrie\al scenarios. Obviously, the
clouds are not strictly separated but blend into each other. Even though this taxonomy
is rather vague and sometimes questionable, it gives an initive overview of the various
retrieval paradigms while illustrating their subtle but cr ucial di erences.

An example of a high-speci c fragment-level retrieval taskis audio identi cation (some-
times also referred to asaudio ngerprinting [16]). Given a small audio fragment
as query, the task of audio identication consists in identifying the particular audio
recording that is the source of the fragment[1l]. Nowadays, audio identication is
widely used in commercial systems such as Shazafn. Typically, the query fragment
is exposed to signal distortions on the transmission channe[16; 107. Recent iden-
ti cation algorithms exhibit a high degree of robustness aginst noise, MP3 compres-
sion artifacts, uniform temporal distortions, or interfer ences of multiple signals[56;
82]. The high speci city of this retrieval task goes along with a notion of similarity that
is very close to the identity. To make this point clearer, we dstinguish between a piece
of music (in an abstract sense) and a speci ¢ performance ofhis piece. In particular for
Western classical music, there typically exist a large numier of di erent recordings of the
same piece of music performed by di erent musicians. Given guery fragment, e. g., taken
from a Bernstein recording of Beethoven's Symphony No. 5, adio ngerprinting systems
are not capable of retrieving, e. g., a Karajan recording of he same piece. Likewise, given
a query fragment from a live performance of \Act naturally" b y The Beatles, the original
studio recording of this song may not be found. The reason fothis is that existing nger-
printing algorithms are not designed to deal with strong nontlinear temporal distortions
or with other musically motivated variations that a ect, fo r example, the tempo or the
instrumentation.

At a lower speci city level, the goal of fragment-based audio matching is to retrieve all
audio fragments that musically correspond to a query fragmat from all audio documents
contained in a given databasd105; 135. In this scenario, one explicitly allows semantically
motivated variations as they typically occur in di erent pe rformances and arrangements of
a piece of music. These variations include signi cant nonihear global and local di erences
in tempo, articulation, and phrasing as well as di erences h executing note groups such as
grace notes, trills, or arpeggios. Furthermore, one has toehal with considerable dynamical
and spectral variations, which result from di erences in instrumentation and loudness.

One instance of document-level retrieval at a similar spectity level as audio matching
is the task of version identi cation . Here, the goal is to identify di erent versions of the
same piece of music within a databasd¢161]. In this scenario, one not only deals with
changes in instrumentation, tempo, and tonality, but also with more extreme variations
concerning the musical structure, key, or melody, as typiclly occurring in remixes and
cover songs. This requires document-level similarity meases to globally compare entire
documents.

Swww.shazam.com (accessed Dec. 18, 2011)
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Finally, there are a number of even less speci c document-keel retrieval tasks which can

be grouped under the termcategory-based retrieval This term encompasses retrieval of
documents whose relationship can be described by culturalromusicological categories.
Typical categories are genre[174], rhythm styles [65; 154, or mood and emotions[98;

171; 182 and can be used in fragment as well as document-level retrial tasks. Music

recommendation or general music similarity assessmenfd4; 183 can be seen as further
document-level retrieval tasks of low speci city.

In the following, we elaborate the aspects of speci city andgranularity by means of rep-
resentative state-of-the-art content-based retrieval aproaches. In particular, we highlight
characteristics and di erences in requirements when designg and implementing systems
for audio identi cation, audio matching, and version identi cation. Furthermore, we ad-

dress e ciency and scalability issues. We start with discussing high-speci ¢ audio nger-

printing (Section 8.2), continue with mid-speci ¢ audio matching (Section 8.3), and then
discuss version identi cation (Section 8.4).

8.2 Audio Identi cation

Of all content-based music retrieval tasks, audio identi cation has received most inter-
est and is now widely used in commercial applications. In thedenti cation process, the
audio material is compared by means of so-calledudio ngerprints, which are compact
content-based signatures of audio recording$16]. In real-world applications, these n-
gerprints need to ful ll certain requirements. First of all , the ngerprints should capture
highly speci ¢ characteristics so that a short audio fragmeit su ces to reliably identify
the corresponding recording and distinguish it from millions of other songs. However, in
real-world scenarios, audio signals are exposed to distaans on the transmission chan-
nel. In particular, the signal is likely to be a ected by noise, artifacts from lossy audio
compression, pitch shifting, time scaling, equalization,or dynamics compression. For a
reliable identi cation, ngerprints have to show a signi ¢ ant degree of robustness against
such distortions. Furthermore, scalability is an important issue for all content-based re-
trieval applications. A reliable audio identi cation syst em needs to capture the entire
digital music catalog, which is further growing every day. In addition, to minimize storage
requirements and transmission delays, ngerprints shouldbe compact and e ciently com-
putable [16]. Most importantly, this also requires e cient retrieval st rategies to facilitate
very fast database look-ups. These requirements are crudidor the design of large-scale
audio identi cation systems. To satisfy all these requirenents, however, one typically has
to face a trade-o between contradicting principles.

There are various ways to design and compute ngerprints. Or group of ngerprints
consist of short sequences of frame-based feature vectorsch as Mel-Frequency Cepstral
Coe cients (MFCC) [17], Bark-scale spectrogramd82; 83, or a set of low-level descrip-
tors [1]. For such representations, vector quantization[1] or thresholding [82] techniques, or
temporal statistics [150 are needed for obtaining the required robustness. Another gup
of ngerprints consist of a sparse set of characteristic paits such as spectral peakg52;
181] or characteristic wavelet coe cients [96]. As an example, we now describe the peak-
based ngerprints suggested by Wang[181], which are now commercially used in the
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Figure 8.3: lllustration of the Shazam audio identi cation system using a recording of \Act

naturally" by The Beatles as example. (a) Database document with extracted peak ngerprints.

(b) Query fragment (10 seconds) with extracted peak ngerprints. (c) Constellation map of
database document.(d) Constellation map of query document. (e) Superposition of the database
ngerprints and time-shifted query ngerprints.

Shazam music identi cation service'.

The Shazam system provides a smartphone application that &ws users to record a short
audio fragment of an unknown song using the built-in microplone. The application then
derives the audio ngerprints which are sent to a server that performs the database look-
up. The retrieval result is returned to the application and presented to the user together
with additional information about the identi ed song. In th is approach, one rst computes
a spectrogram from an audio recording using a short-time Forier transform. Then, one
applies a peak-picking strategy that extracts local maximain the magnitude spectrogram:
time-frequency points that are locally predominant. Figure 8.3 illustrates the basic re-
trieval concept of the Shazam system using a recording of \Acnaturally" by The Beatles.

Figure 8.3a and Figure 8.3b show the spectrogram for an exankg database document
(30 seconds of the recording) and a query fragment (10 secosy respectively. The ex-
tracted peaks are superimposed to the spectrograms. The pkapicking step reduces the
complex spectrogram to a \constellation map", a low-dimengonal sparse representation
of the original signal by means of a small set of time-frequery points, see Figure 8.3c
and Figure 8.3d. According to [181], the peaks are highly characteristic, reproducible,

4www.shazam.com (accessed Dec. 18, 2011)
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Figure 8.4: lllustration of the peak pairing strategy of the Shazam algaithm. (a) Anchor peak
and assigned target zone(b) Pairing of anchor peak and target peaks to form hash values.

and robust against many, even signi cant distortions of the signal. Note that a peak is
only de ned by its time and frequency values, whereas magnitde values are no longer
considered.

The general database look-up strategy works as follows. Gén the constellation maps for
a query fragment and all database documents, one locally copares the query fragment to
all database fragments of the same size. More precisely, ome@unts matching peaks, i.e.,
peaks that occur in both constellation maps. A high count indcates that the corresponding
database fragment is likely to be a correct hit. This procedue is illustrated in Figure 8.3e,
showing the superposition of the database ngerprints and tme-shifted query ngerprints.
Both constellation maps show a high consistency (many red ahblue points coincide) at a
fragment of the database document starting at time position10 seconds, which indicates
a hit. However, note that not all query and database peaks caicide. This is because
the query was exposed to signal distortions on the transmigsn channel (in this example
additive white noise). Even under severe distortions of thequery, there still is a high
number of coinciding peaks thus showing the robustness of tse ngerprints.

Obviously, such an exhaustive search strategy is not feasié for a large database as the
run-time linearly depends on the number and sizes of the doauents. For the constellation
maps, as proposed if107], one tries to e ciently reduce the retrieval time using inde xing
techniques|very fast operations with a sub-linear run-tim e. However, directly using the
peaks as hash values is not possible as the temporal compoménnot translation-invariant
and the frequency component alone does not have the requirespecicity. In [181], a
strategy is proposed, where one considers pairs of peaks. tde one rst xes a peak
to serve as \anchor peak" and then assigns a \target zone" asnidicated in Figure 8.4a.
Then, pairs are formed of the anchor and each peak in the targezone, and a hash
value is obtained for each pair of peaks as a combination of W frequency values and
the time dierence between the peaks as indicated in Figure &b. Using every peak
as anchor peak, the number of items to be indexed increases g factor that depends
on the number of peaks in the target zone. This combinatorialhashing strategy has
three advantages. Firstly, the resulting ngerprints show a higher speci city than single
peaks, leading to an acceleration of the retrieval as fewerxact hits are found. Secondly,
the ngerprints are translation-invariant as no absolute timing information is captured.
Thirdly, the combinatorial multiplication of the number of ngerprints introduced by
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considering pairs of peaks as well as the local nature of thegak pairs increases the
robustness to signal degradations.

The Shazam audio identi cation system facilitates a high identi cation rate, while

scaling to large databases. One weakness of this algorithns ithat it can not han-
dle time scale modications of the audio as frequently occuring in the context of
broadcasting monitoring. The reason for this is that time sale modi cations (also
leading to frequency shifts) of the query fragment completly change the hash val-
ues. Extensions of the original algorithms dealing with ths issue are presented if52;
174.

8.3 Audio Matching

The problem of audio identi cation can be regarded as largey solved even for large scale
music collections. Less specic retrieval tasks, howeverare still mostly unsolved. In
this section, we highlight the di erence between high-spetc audio identi cation and
mid-speci ¢ audio matching while presenting strategies tocope with musically motivated
variations. In particular, we introduce chroma-based audb features[4; 59; 123 and sketch
distance measures that can deal with local tempo distortios. Finally, we indicate how the
matching procedure may be extended using indexing methodstscale to large dataset$18;
105.

For the audio matching task, suitable descriptors are requied to capture characteristics of
the underlying piece of music, while being invariant to properties of a particular recording.
Chroma-based audio feature$4; 123, sometimes also referred to as pitch class pro lefs59)],
are a well-established tool for analyzing Western tonal muig and have turned out to be
a suitable mid-level representation in the retrieval context [18; 105; 135; 12B Assuming

that consists of the twelve pitch spelling attributes as use& in Western music notation.
Capturing energy distributions in the twelve pitch classes chroma-based audio features
closely correlate to the harmonic progression of the undeying piece of music. This is the
reason why basically every matching procedure relies on sarype of chroma feature, see
Section 5.2.

There are many ways for computing chroma features. For examlg, the decomposition of
an audio signal into a chroma representation (or chromagram may be performed either
by using short-time Fourier transforms in combination with binning strategies [59] or by
employing suitable multirate Iter banks [123; 12%1. Figure 8.5 illustrates the computa-
tion of chroma features for a recording of the rst ve measures of Beethoven's Symphony
No. 5 in a Bernstein interpretation. The main idea is that the ne-grained (and highly
speci ¢) signal representation as given by a spectrogram (lgure 8.5c) is coarsened in a
musically meaningful way. Here, one adapts the frequency as to represent the semitones
of the equal tempered scale (Figure 8.5d). The resulting regsentation captures musi-
cally relevant pitch information of the underlying music piece, while being signi cantly
more robust against spectral distortions than the original spectrogram. To obtain chroma
features, pitches di ering by octaves are summed up to yielda single value for each pitch
class, see Figure 8.5e. The resulting chroma features showcreased robustness against
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Figure 8.5: lllustration of various feature representations for the baginning of Beethoven's Opus
67 (Symphony No. 5) in a Bernstein interpretation. (a) Score of the excerpt.(b) Waveform. (c)
Spectrogram with linear frequency axis. (d) Spectrogram with frequency axis corresponding to
musical pitches. (e) Chroma features. (f) Normalized chroma features.(g) Smoothed version of
chroma features.

changes in timbre, as typically resulting from di erent instrumentations.

The degree of robustness of the chroma features against mesily motivated variations can
be further increased by using suitable post-processing sps. See[127] for some chroma
variants.® For example, normalizing the chroma vectors (Figure 8.5f) nakes the fea-
tures invariant to changes in loudness or dynamics. Furthemore, applying a temporal
smoothing and downsampling step (see Figure 8.5g) may sigeantly increase robust-
ness against local temporal variations that typically occu as a result of local tempo
changes or di erences in phrasing and articulation, see ats[127] There are many more
variants of chroma features comprising various processingteps. For example, applying
logarithmic compression or whitening procedures enhancesmall yet perceptually relevant
spectral components and the robustness to timbrg120; 128. A peak picking of spec-
trum's local maxima can enhance harmonics while suppressinnoise-like componentd59;
46]. Furthermore, generalized chroma representations with 24r 36 bins (instead of the
usual 12 bins) allow for dealing with di erences in tuning [59]. Such variations in the
feature extraction pipeline have a large in uence and the rsulting chroma features can
behave quite di erently in the subsequent analysis task.

Figure 8.6 shows spectrograms and chroma features for two @rent interpretations (by

SMATLAB implementations for some chroma variants are suppli ed by the Chroma Toolbox:
www.mpi-inf.mpg.de/resources/MIR/chromatoolbox (acce ssed Dec. 18, 2011)



114

CHAPTER 8. CONTENT-BASED MUSIC RETRIEVAL

4000 —
o O o_O 00 B [ 1
< ¥ o 00 35 A 1 08
. © o ©O00O . A o ]
= 2o o o/
> 2500 o 25 £ 4 06
3 1
g 2000t © oo o 2 _g F:
31500 [+] o0 00 O 15 QO E 04
D 1000 o 1 b#
T o O D (-] o 0.2
500 o 05 c#
0 ° o °° °o 0 ¢ o Lo
0 5 10 15 20 0 5 10 15 20
(c) (d)
00— o o o 00 m B o —
3500 35 At 08
Tao0o [} ° 000 © 3 o GA;
=
2500 ° 25 g6 06
3
c2000 © %o ° 2 o F: ° °
Q e 0.4
glsoo o [N} o 6 o 15 O« .
D#
élOOO ° o ° 1 D [ [ 02
500 Y4 05 c#
© 0% ‘ o0 co ° ° L,

20

5

20

5 . 10 15 . 10 15
Time (seconds) Time (seconds)

Figure 8.6: Di erent representations and peak ngerprints extracted f or recordings of the rst 21
measures of Beethoven's Symphony No. 5(a) Spectrogram-based peaks for a Bernstein record-
ing. (b) Chromagram-based peaks for a Bernstein recording(c) Spectrogram-based peaks for a
Karajan recording. (d) Chromagram-based peaks for a Karajan recording.

Bernstein and Karajan) of Beethoven's Symphony No. 5. Obviasly, the chroma features
exhibit a much higher similarity than the spectrograms, revealing the increased robustness
against musical variations. The ne-grained spectrograms however, reveal characteristics
of the individual interpretations. To further illustrate t his, Figure 8.6 also shows nger-
print peaks for all representations. As expected, the specbgram peaks are very incon-
sistent for the di erent interpretations. The chromagram p eaks, however, show at least
some consistencies, indicating that ngerprinting techniques could also be applicable for
audio matching [12]. This strategy is further analyzed in Chapter 9.

Instead of using sparse peak representations, one typicgllemploys a subsequence search,
which is directly performed on the chroma features. Here, agery chromagram is compared
with all subsequences of database chromagrams. As a resulh® obtains a matching curve
as shown in Figure 8.7, where a small value indicates that theubsequence of the database
starting at this position is similar to the query sequence. Then the best match is the
minimum of the matching curve. In this context, one typically applies distance measures
that can deal with tempo di erences between the versions, sch as edit distances[5],
dynamic time warping (DTW) [123; 133, or the Smith-Waterman algorithm [162. An
alternative approach is to linearly scale the query to simuhte di erent tempi and then to
minimize over the distances obtained for all scaled variarg [105. Figure 8.7 shows three
di erent matching curves which are obtained using strict subsequence matching, DTW,
and a multiple query strategy.

To speed up such exhaustive matching procedures, one reqas methods that allow for
e ciently detecting near neighbors rather than exact matches. A rst approach in this
direction uses inverted le indexing [105 and depends on a suitable codebook consisting
of a nite set of characteristic chroma vectors. Such a codebok can be obtained in an
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Figure 8.7: lllustration of the the audio matching procedure for the begnning of Beethoven's
Opus 67 (Symphony No. 5) using a query fragment correspondmto the rst 22 seconds (measures
1-21) of a Bernstein interpretation and a database consistig of an entire recording of a Karajan
interpretation. Three di erent strategies are shown leading to three di erent matching curves. (a)
Strict subsequence matching.(b) DTW-based matching. (c) Multiple query scaling strategy.

unsupervised way using vector guantization or in a supervied way exploiting musical
knowledge about chords. The codebook then allows for clagging the chroma vectors
of the database and to index the vectors according to the asghed codebook vector.
This results in an inverted list for each codebook vector. Then, an exact search can
be performed e ciently by intersecting suitable inverted | ists. However, the performance
of the exact search using quantized chroma vectors greatly eébends on the codebook.
This requires fault-tolerance mechanisms which partly elninate the speed-up obtained
by this method. Consequently, this approach is only applicéle for databases of medium
size[105. An approach presented in[18] uses an index-based near neighbor strategy based
on locality sensitive hashing (LSH). Instead of considerig long feature sequences, the audio
material is split up into small overlapping shinglesthat consist of short chroma feature
subsequences. The shingles are then indexed using local#gnsitive hashing which allows
for scaling this approach to larger datasets. However, to goe with temporal variations,
each shingle covers only a small portion of the audio materiaand queries need to consist
of a large number of shingles. The high humber of table look+ps induced by this strategy
may become problematic for very large datasets where the irek is stored on a secondary
storage device. In Chapter 10, we present an investigation ith the goal to reduce the
number of table look-ups by representing each query (condisig of 15-25 seconds of the
audio) with only a single shingle. To handle temporal variaions, a combination of local
feature smoothing and global query scaling is proposed.

In summary, mid-speci ¢ audio matching using a combination of highly robust chroma
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features and sequence-based similarity measures that aaoat for di erent tempi results

in a good retrieval quality. However, the low speci city of t his task makes indexing much
harder than in the case of audio identi cation. This task becomes even more challenging
when dealing with relatively short fragments on the query ard database side.

8.4 Version ldenti cation

In the previous tasks, a musical fragment is used as query ansimilar fragments or docu-
ments are retrieved according to a given degree of speci git The degree of speci city was
very high for audio identi cation and more relaxed for audio matching. If we allow for

even less speci city, we are facing the problem of version ihti cation [161]. In this sce-
nario, a user wants to retrieve not only exact or near-dupli@ates of a given query, but also
any existing re-interpretation of it, no matter how radical such a re-interpretation might

be. In general, a version may di er from the original recording in many ways, possibly
including signi cant changes in timbre, instrumentation, tempo, main tonality, harmony,

melody, and lyrics. For example, in addition to the aforemertioned Karajan's rendition

of Beethoven's Symphony No.5, one could be also interested ia live performance of it,
played by a punk-metal band who changes the tempo in a non-ufiorm way, transposes
the piece to another key, and skips many notes as well as mostaps of the original struc-

ture. These types of documents where, despite numerous andnportant variations, one

can still unequivocally glimpse the original compaosition ae the ones that motivate version
identi cation.

Version identi cation is usually interpreted as a document-level retrieval task, where a
single similarity measure is considered to globally compar entire documents(5; 46; 17Q.
However, successful methods perform this global comparisoon a local basis. Here, the
nal similarity measure is inferred from locally comparing only parts of the documents|a
strategy that allows for dealing with non-trivial structur al changes. This way, comparisons
are performed either on some representative part of the piex[60], on short, randomly
chosen subsequences ofit17], or on the best possible longest matching subsequen¢62;
164).

A common approach to version identi cation starts from the previously introduced chroma

features; also more general representations of the tonal otent such as chords or tonal tem-
plates have been used161]. Furthermore, melody-based approaches have been suggeste
although recent ndings suggest that this representation may be suboptimal [55]. Once a

tonal representation is extracted from the audio, changesn the main tonality need to be

tackled, either in the extraction phase itself, or when perbrming pairwise comparisons of
such representations.

Tempo and timing deviations have a strong e ect in the chromafeature sequences, hence
making their direct pairwise comparison problematic. An intuitive way to deal with global
tempo variations is to use beat-synchronous chroma represations [12; 46. However, the
required beat tracking step is often error-prone for certan types of music and therefore may
negatively a ect the nal retrieval result. Again, as for th e audio matching task, dynamic
programming algorithms are a standard choice for dealing wh tempo variations [123,
this time applied in a local fashion to identify longest matching subsequences or local
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Figure 8.8: Similarity matrix for \Act naturally” by The Beatles, which is actually a cover version
of a song by Buck Owens.(a) Chroma features of the version by The Beatles.(b) Score matrix.
(c) Chroma features of the version by Buck Owens.

alignments [162; 164.

An example of such an alignment procedure is depicted in Figte 8.8 for our \Act nat-
urally" example by The Beatles. The chroma features of this ersion are shown in Fig-
ure 8.8c. Actually, this song is originally not written by Th e Beatles but a cover version
of a Buck Owens song of the same name. The chroma features ofetloriginal version are
shown in Figure 8.8a. Alignment algorithms rely on some sorpf scores (and penalties) for
matching (mismatching) individual chroma sequence elemeis. Such scores can be real-
valued or binary. Figure 8.8b shows a binary score matrix enading pair-wise similarities
between chroma vectors of the two sequences. The binarizath of score values provides
some additional robustness against small spectral and torali erences. Correspondences
between versions are revealed by the score matrix in the fornof diagonal paths of high
score. For example, in Figure 8.8, one observes a diagonal thaindicating that the rst
60 seconds of the two versions exhibit a high similarity.

For detecting such path structures, dynamic programming stategies make use of an ac-
cumulated score matrix. In their local alignment version, where one is searching for sub-
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Figure 8.9: Accumulated score matrix with optimal alignment path for th e \Act naturally"
example (as shown in Figure 8.8).

sequence correspondences, this matrix re ects the lengthand quality of such matching
subsequences. Each element (consisting of a pair of indigesf the accumulated score ma-
trix corresponds to the end of a subsequence and its value emdes the score accumulated
over all elements of the subsequence. Figure 8.9 shows an exale of the accumulated score
matrix obtained for the score matrix in Figure 8.8. The highest-valued element of the ac-
cumulated score matrix corresponds to the end of the most siitar matching subsequence.
Typically, this value is chosen as the nal score for the docunent-level comparison of the
two pieces. Furthermore, the speci ¢ alignment path can be asily obtained by backtrack-
ing from this highest element[123. The alignment path is indicated by the red line in Fig-
ure 8.9. Additional penalties account for the importance ofinsertions/deletions in the sub-
sequences. In fact, the way of deriving these scores and péties is usually an important
part of the version identi cation algorithms and di erent v ariants have been proposed5;
162; 164. The aforementioned nal score is directly used for ranking candidate doc-
uments to a given query. It has recently been shown that such ankings can be im-
proved by combining di erent scores obtained by di erent methods [151], and by exploit-
ing the fact that alternative renditions of the same piece ndurally cluster together [109;
165.

The task of version identi cation allows for these and many dher new avenues for re-
search[161]. However, one of the most challenging problems that remainso be solved is
to achieve high accuracy and scalability at the same time, dabwing low-speci c retrieval
in large music collections[12]. Unfortunately, the accuracies achieved with today's non-
scalable approaches have not yet been reached by the scalalidnes, the latter remaining
far behind the former.
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8.5 FRurther Notes

The retrieval strategies presented in this chapter allow fo discovering and accessing music
even in cases where the user does not explicitly know what hea she is actually looking for.
For designing a retrieval system that increases the user exgrience, however, one also has
to better account for user requirements in content-based rigieval systems. For example,
one may think of a comprehensive framework that allows a useto adjust the speci city
level at any stage of the search process. Here, the system shd be able to seamlessly
change the retrieval paradigm from high-speci c audio iderti cation, over mid-specic
audio matching and version identi cation to low-speci ¢ genre identi cation. Similarly,
the user should be able to exibly adapt the granularity level to be considered in the
search. Furthermore, the retrieval framework should compise control mechanisms for
adjusting the musical properties of the employed similariy measure to facilitate searches
according to rhythm, melody, or harmony or any combination of these aspects.

Figure 8.10 illustrates a possible user interface for suchraintegrated content-based re-
trieval framework, where a joystick allows a user to continwusly and instantly adjust
the retrieval specicity and granularity. For example, a user may listen to a recording
of Beethoven's Symphony No. 5, which is rst identi ed to be a Bernstein recording us-
ing an audio identi cation strategy (moving the joystick to the leftmost position). Then,
being interested in di erent versions of this piece, the use moves the joystick upwards
(document-level) and to the right (mid-speci c), which tri ggers a version identi cation.
Subsequently, shifting towards a more detailed analysis othe piece, the user selects the
famous fate motif as query and moves the joystick downwardsd perform some mid-speci ¢
fragment-based audio matching. Then, the system returns tle positions of all occurrences
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of the motif in all available interpretations. Finally, mov ing the joystick to the rightmost

position, the user may discover recordings of pieces that émbit some general similarity
like style or mood. In combination with immediate visualization, navigation, and feedback
mechanisms, the user is able to successively re ne and adjuthe query formulation as

well as the retrieval strategy, thus leading to novel strategies for exploring, browsing, and
interacting with large collections of audio content.



Chapter 9

Musically-Motivated Audio
Fingerprints

As introduced in the last chapter, the high-speci c task of audio identi cation constitutes
an important research topic and is of commercial relevancél; 15; 181. In particular, audio
identi cation systems are highly e cient and can deal with m usic collections comprising
millions of songs. However, audio identi cation systems ae not capable of retrieving
di erent performances of the same piece of music. The reasofor this is that existing
audio ngerprinting algorithms are not designed for dealing with musical variations such
as strong non-linear temporal distortions, variations that concern the articulation, instru-
mentation, or ornamentation. Dealing with such variations, the scalability of mid-speci c
audio matching and version identi cation is still problematic.

In this chapter, we investigate to which extent well-estabished audio ngerprints originally
proposed in[181] and introduced in Section 8.2 can be modi ed to allow for retieving
musically related recordings while retaining the e ciency of index-based approaches. To
this end, we replace the traditional ngerprints based on spectral peaks by ngerprints
based on peaks of more musically oriented feature represattons including log-frequency
and chroma representations. Our motivation for adopting this approach is that such
peak structures, according to[181], are temporally localized, reproducible, and robust
against many, even signi cant distortions of the signal. Furthermore, the spectral peaks
allow for applying e cient hash-based indexing techniques The main contribution of this
chapter is to systematically analyze the resulting peak stuctures in view of robustness
and discriminative power. Finding a good trade-o0 between these two principles is a
non-trivial task. On the one hand, using ne-grained feature representations (such as a
spectrogram) results in ngerprints that are too speci ¢, t hus not facilitating cross-version
retrieval. On the other hand, using coarse feature represdations (such as a chromagram)
results in peak ngerprints that are too unspeci ¢ and noisy, thus not having the required
discriminative power.

In our investigation, we proceed in four steps, see Figure 2.for an overview. For a piece
of music (indicated by the excerpt of the score in Figure 9.1awe assume to have multiple
performances given in the form of audio recordings, see Fige 9.1b. in the rst step,
for each of the performances, we derive a feature represetiwn (Figure 9.1c). In our
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Figure 9.1: Overview of the framework used in our investigation. (a) Score of a piece. (b)
Waveforms of two di erent recorded performances. (c) Feature representations for the perfor-
mances. (d) Peak ngerprints extracted from the feature representations. (e) Temporally warped
ngerprints based on a common time line. (f) Overlayed peak representations indicating peak
consistencies.

experiments we actually investigate ve di erent time-fre quency representations derived
from the originally used spectrogram. In the second step, weerive peak ngerprints from
the di erent feature representations similar to [181], see Figure 9.1d. Next, we investigate
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which and how many of the peaks consistently appear across @rent performances. To
compensate for temporal di erences between performancesye use in the third step music
synchronization techniques[49] to warp the peak ngerprints onto a common time line
(Figure 9.1e). Finally, in the fourth step, the ngerprints are analyzed with respect to
peak consistency across the di erent performances (Figur8.1f). Our experimental results
in the context of a music retrieval scenario indicate that, using suitably modi ed peak
ngerprints, one can transfer traditional audio ngerprin ting techniques to other tasks
such as audio matching and cover song identi cation as intr@uced in Section 8.3 and
Section 8.4, respectively.

The remainder of the chapter is organized as follows. In Seitin 9.1 we introduce various
peak ngerprints based on di erent feature representations. In Section 9.2, as our main
contribution, we systematically investigate the trade-o between robustness and discrim-
inative power of the various audio ngerprints. Finally, di scussions and an outlook on a
modi ed audio ngerprinting system can be found in Section 9.3.

9.1 Modied Peak Fingerprints

Our approach is based on the concept of spectral peaks origatly introduced by Wang [181]

and explained in Section 8.2. In this approach, characterigc time-frequency peaks ex-
tracted from a spectrogram are used as ngerprints, thus redicing a complex spectrogram
to a sparse peak representation of high robustness againsigsal distortions. Such peak
representations allows for applying e cient hash-based irdexing techniques. We transfer
this approach to a more exible retrieval scenario by consiaring various feature represen-
tations that are obtained by partitioning the frequency axis of the original spectrogram,
while the temporal axis of all representations is xed to yield a feature rate of 20 Hz (20
feature per second), see Figure 9.2 for an illustration of th di erent feature representa-

tions.

The rst feature representation is a magnitude spectrogramas employed in the original
approach. Following[181], the audio signal is sampled aff s = 8000 Hz and discrete Fourier
transforms are calculated over windows of 1024 samples. Irhé following, the resulting
feature representation is referred to asSPECsee Figure 9.2b. The second feature represen-
tation is a log-frequency spectrogram{15]. Using a suitable binning strategy, we group the
Fourier coe cients of the original spectrogram into 33 non-overlapping frequency bands
covering the frequency range from 300 Hz to 2000 Hz. Exhibitig a logarithmic spacing,
the bands roughly represent the Bark scale. In the following this feature representation
is referred to asLOGFsee Figure 9.2c. As third feature representation, we consat a
constant-Q transform where the frequency bins are logaritimically spaced and the ratios
of the center frequencies to bandwidths of all bins are equalQ factor). In our investi-
gation, we employ the e cient implementation provided by th e Constant-Q Transform
Toolbox for Music Processing, see[155. Here, we set the number of frequency bins per
octave to 12 (each bin corresponds to one semitone of the equ@mpered scale) and con-
sider the frequency range from 80 Hz to 4000 Hz. In the followig, this feature is referred
to as CONSTQ@ee Figure 9.2d. To obtain the fourth feature representathn, we decom-

Lhttp:/lwww.elec.qmul.ac.uk/people/anssik/cat/
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Figure 9.2: Score and various feature representations for the rst 735 seconds of a Hatto (2006)
performance of the rst 5 bars of Chopin's Mazurka Op. 30 No. 2 One peak and the corresponding
neighborhood is shown for each of the feature representatis.

pose the audio signal into 88 frequency bands with center figuencies corresponding to
the pitches of the equal-tempered scale and compute the shistime energy in windows of
length 100 ms. For deriving this decompaosition, we use a muitate Iter bank as described
in [123 and denote the resulting feature asPITCH see Figure 9.2e. The fth feature rep-
resentation is a chroma representation which is obtained fsm PITCHby adding up the
corresponding values that belong to the same chroma. In thedllowing, this feature is re-



9.2. EXPERIMENTS 125

ferred to asCHROM#ee Figure 9.2e. Implementations foPITCHand CHROM#e provided
by the Chroma Toolbox?, see[127].

In the second step, we employ a similar strategy as proposed i[181] to extract char-
acteristic peaks from the various feature representations Given a feature representation
F 2 RT X whereF (t; k) denotes the feature value at framet 2 [1:T]:= f1;2;:::;Tg for
someT 2 N and frequency bink 2 [1 : K] for someK 2 N, we select a point ¢o; ko) as a
peak if F (to;ko) F (t;k)forall (t;k)2 t  tme.t4 tme o freq. 4 freq jp
a local neighborhood de ned by @M€ and €9, The size of this neighborhood allows for
adjusting the peak density. In our implementation, we use anadditional absolute thresh-
old on the valuesF (tp; ko) to prevent the selection of more or less random peaks in reghs
of very low dynamics. The selected peaks are represented ime form of a binary matrix
P 2f0;1g" X by setting P(to; ko) = 1 for (to; ko) being a peak and zero elsewhere. This
peak selection strategy reduces a complex time-frequencgpresentationF to a sparse set
P of time-frequency points. Note that the values of F (t;k) are no longer considered in
the ngerprints.

In our experiments, we x 1M =20 corresponding to one second for all ve feature rep-
resentations. The range of the frequency neighborhood 4, however, was experimentally
determined for each feature representation. FOISPEGve set €9 = 25 (corresponding to
200 Hz), for LOGRve set €4 =2 for CONST@e set 9 = 3, for PITCHwe set fed = 3,
and for CHROM#e set €4 = 1, see Figure 9.2 for an illustration of the neighborhood f@
each of the feature representations.

9.2 Experiments

We now investigate the musical expressiveness of the varisupeak ngerprints. In Sec-
tion 9.2.1, we start with introducing the datasets used in ou experiments. Then, in
Section 9.2.2, we sketch how the peaks of di erent performages are warped to a common
time line. In Section 9.2.3, we discuss an experiment that idicates the degree of peak con-
sistency across di erent performances depending on the uretlying feature representation.
Finally, in Section 9.2.4, we describe a document-based raeval experiment.

9.2.1 Dataset

For our subsequent experiments, we use three di erent group of audio recordings cor-
responding to pieces of classical music by three di erent amposers, see Table 9.1. The
rst group Chop consists of 298 piano recordings of ve Mazurkas by Fecdlic Chopin

collected in the Mazurka Project2 The second groupBeet consists of ten recorded per-
formances of Beethoven'sSymphony No. 5 This collection contains orchestral as well as
piano performances. The third groupViva contains seven orchestral performances of the
Summer from Vivaldi's Four Seasons Table 9.1 lists the number of performances as well
as the total duration of each movement/piece. The union of al groups is referred to as

2http:/lwww.mpi-inf.mpg.de/resources/MIR/chromatoolb  ox/
3http://mazurka.org.uk/
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Groups Composer Piece Description #(Perf.) Dur. (min)
Chopin Op. 17, No. 4 Mazurka 62 269
a Chopin Op. 24, No. 2 Mazurka 64 147
2 Chopin Op. 30, No. 2 Mazurka 34 48
© Chopin Op. 63, No. 3 Mazurka 88 189
Chopin Op. 68, No. 3 Mazurka 50 84
Beethoven Op. 67, 1. Mov. Fifth 10 75
@ Beethoven Op. 67, 2. Mov. Fifth 10 98
@ Beethoven Op. 67, 3. Mov.  Fifth 10 52
Beethoven Op. 67, 4. Mov. Fifth 10 105
. Vivaldi RV 315, 1. Mov. Summer 7 38
= Vivaldi RV 315, 2. Mov. Summer 7 17
> Vivaldi RV 315, 3. Mov. Summer 7 20
All 359 1145

Table 9.1: The groups of audio recordings used in our experiments. Thekt two columns denote
the number of di erent performances and the overall duration in minutes.

All and contains 359 recordings with an overall length of 19 houws. In view of extracting
peak ngerprints, these three groups are of increasing compxity. While for the piano
recordings of Chop , one expects relatively clear peak structures, peak pickip becomes
much more problematic for general orchestral music (grouBeet ) and music dominated
by strings (group Viva ).

9.2.2 Synchronization of Fingerprints

In our retrieval scenario, there typically are tempo di erences between the di erent inter-
pretations of a piece. In our initial experiments, we do not vant to deal with this issue
and compensate for tempo di erences in the performances byemporally warping the peak
representations onto a common time line. To this end, we, in goreprocessing step, use
a music synchronization technique[49] to temporally align the di erent performances of
a given piece of music. More precisely, suppose we are givéh di erent performances
of the same piece yielding the peak representation®,, n 2 [1:N]. Then, we take the
rst performance as reference and compute alignments betwen the reference and the re-
maining N 1 performances. The alignments are then used to temporally arp the peak
representationsP, for n 2 [2: N] onto the time axis of the peak representationP;. The
resulting warped peak ngerprints are denoted by P, and we setP; = P4, see Figure 9.1e
for an illustration.

9.2.3 Experiment: Peak Consistency

In a rst experiment, we investigate to which extent the vari ous peak ngerprints coincide
across di erent performances of a piece. Here, the degree pkak consistency serves as
an indicator for the robustness of the respective feature ngresentation towards musical
variations. We express the consistency of the ngerprints ¢ two performances in terms of
pairwise precision P, recall R, and F-measure F. More precéy, given two performances
n;m 2 [1:N] of a piece, we obtain the aligned peak ngerprintsP,, and Py, as explained
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Groups SPEC LOGF CONSTQ PITCH CHROMA
Chop 0.081  0.205 0.157 0.185 0.375

Beet 0.051 0.139 0.126 0.137 0.288
Viva 0.059 0.143 0.124 0.132 0.262
All 0.080 0.203 0.156 0.184 0.373

Table 9.2: Mean of pairwise F-measure values expressing peak consistées for the di erent
groups.

in Section 9.2.2. Then, a peak {p; ko) of Py, is called consistent relative to P, if there is
a peak (; ko) of P, with t 2 [tg :to+ ]. Here, the parameter 0 species a small
temporal tolerance window. Otherwise, the peak is callechon-consistent The number
of consistent ngerprints is denoted by #( P, \ Py,), the overall number of peaks inPy
and Py, is denoted #(P,) and #( Py ), respectively. Then, pairwise precision R.m, recall
Rn:m, and F-measure K., are de ned as

) :#(Pn\pm)R :#(pn\Pm) ) :an;m Rn;m.

TP T Py ™" Pom +Rum
Note, that Pnm = Rm:n, Ram = P min, and therefore Rym = F nn. F-measure values
are computed for all N performances of a group yielding an N )-matrix of pairwise
F values. Mean values for the groups are obtained by averaggover the respective F-
measures. Here, as f, =1 and F,.m = F n:n, we only consider the values of the upper
triangular part of the matrix excluding the main diagonal.

(9.1)

Table 9.2 shows the mean of pairwise F-measure values for thdi erent groups of our
dataset. In this experiment, we use the tolerance parameter = 1 (corresponding to

50 ms), which turned out to be a suitable threshold for compesating inaccuracies in-
troduced by the synchronization procedure, sed49]. First note that the originally used
spectrogram peaks do not work well across di erent performaces. For example, in the
case ofChop , one obtains F = 0:081 for SPEQndicating that only few of the peak n-
gerprints consistently occur across di erent performancs. The peaks extracted from the
other four feature representations show a higher degree obasistency across performances
e.g., in the case ofChop , F = 0:205 for LOGFF = 0:157 for CONST® = 0:185 for PITCH
and F = 0:375 for CHROMA his improvement is achieved by the coarser and musically
more meaningful partition of the frequency axis. Furthermare, our results show a de-
pendency on the characteristics of the audio material. In paicular, the peaks are more
consistent for Chop (e.g. F = 0:375 for CHROM#han for Beet (F = 0:288) and Viva
(F =0:262). The reason for this e ect is twofold. Firstly, the piano pieces as contained in
Chop exhibit pronounced note onsets leading to consistent peakd-or complex orchestral
and string music as inBeet and Viva , however, the peaks are less dominant leading to
a lower consistency. Secondly, the consistency results aedso in uenced by the accuracy
of the peak synchronization as introduced in Section 9.2.2Typically, the synchronization
technique [49] yields very precise alignments for piano music as containeth Chop . For
orchestral and string pieces as irBeet and Viva , however, there are more synchronization
inaccuracies leading to lower F-measure values.

This e ect is further addressed by Figure 9.3 showing mean Fneasure values as a function
of the tolerance parameter for the di erent groups. In general, the tolerance paramete
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Figure 9.3: Dependency of the mean of pairwise F-measure values on theléwance parameter
for () group Chop, (b) group Beet, (c) group Viva , and (d) the union of all groups All .

has a large in uence on the evaluation results. In particula, one observes a large increase
in F-measure values when introducing a tolerance of = 1 (in comparison with = 0)
regardless of feature type and group. Note that fortChop (Figure 9.3a), further increasing

has a smaller e ect than for Beet (Figure 9.3b) and Viva (Figure 9.3c). In the following
experiment, we set =1.

9.2.4 Experiment: Document-Based Retrieval

In the second experiment, we investigate the identi cation rate of the modi ed peak n-
gerprints in a document-based retrieval scenario. Given alwort query extracted from one
performance, the goal is to correctly retrieve all performaces of the same piece from a
larger dataset. Exploiting the warped peak ngerprints P (see Section 9.2.2), we de ne a
query Q and a database collectionD. The database consists ofDj performances (docu-
ments) of di erent groups. For a query Q and a documentD 2 D, we compute the peak
consistency F-measure as in Eq. (9.1) betwee® and all subsegments ofD having the
same length asQ. High F-values indicate high degrees of peak consistency tveeen Q and
subsegments oD . Considering document-level retrieval, the similarity between Q and D
is de ned as the maximum F-measure over all subsegments @ .

In the evaluation, given the setDg D of documents that are relevant to the query
Q (i.e., interpretations of the piece underlying the query), we follow [164] and express
the retrieval accuracy using the mean of average precision(MAP) measure denoted as
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null

null

h i.# To this end, we sort the documentsD 2 D in descending order with respect to the
similarity between D and Q and obtain the precision g at rank r 2 [1:]jDj] as
1 X _
Q(r) = - (i) ; (9.2)
i=1

where o(r) 2 f 0; 1g indicates whether a document at rankr is contained in Dq. Then,
the average precision g is de ned as

_ 1 ®
Q= mrzl Q(r) o(r): (9.3)

Finally, given C di erent queries we compute  for eachQ and average over allC values
to obtain the mean of average precision measuré i. In our experiments, for a xed

query length jQj, we randomly selectC = 100 queries from each group. Additionally,
we estimate the accuracy leveh i, expected under the null hypothesis of a randomly
created sorted list, sed164] for details.

Figure 9.4 shows the resulting MAPh i values as a function of the query lengthjQj for
the ve features. The queries are taken from the di erent groups, the databaseD contains

4 The same measure is used in the MIREX Cover Song Identication, see
www.music-ir.org/mirex/wiki/2010:Audio  _Cover_Song Identi cation



130 CHAPTER 9. MUSICALLY-MOTIVATED AUDIO FINGERPRINTS

all performances ofAll . As the results show, the retrieval accuracy using modi ed peak
ngerprints is much higher than using the original spectrogram peaks. In particular, using
the musically motivated features PITCH CONST@nd CHROMAsults in the highest MAP
h i for All , see Figure 9.4d. ForViva (Figure 9.4c), the retrieval accuracy for PITCH
and CONST(3 signi cantly higher than for CHROMAdlere, a manual inspection revealed
that the peaks of CHROMAIthough more consistent across performances than peakd o
PITCHand CONST@ee Section 9.2.3), exhibit less discriminative power. Irthe case of
the less pronounced peaks o¥iva , this frequently results in undesired high consistency
for unrelated ngerprints when using CHROMA ontrary, the higher discriminative power
of peaks fromPITCHand CONST(@lthough of lower overall consistency) results in higher
retrieval accuracies.

Furthermore, the results show a great dependency of the reteval accuracy on the query
length jQj. Surprisingly, in the case of Chop (Figure 9.4a), evenjQj = 2 sec leads to
already relatively high MAP values. Increasing the query length, the MAP values increase
for all feature representations and groups of audio recordigs. For all groups, using a query
length of 20 sec in combination with peak ngerprints extracted from PITCHor CONSTQ
results in MAP values h i > 0:9. In particular for the more complex data contained
in Beet (Figure 9.4b) and Viva (Figure 9.4c) using longer queries further improves the
identi cation rate across performances.

9.3 FRurther Notes

For cross-version retrieval scenarios, one needs retriehvsystems that can handle variations
with regard to musical properties such as tempo, articulaton, timbre or instrumentation.
Dealing with a much lower speci city level as in the ngerprinting scenario, the devel-
opment of e cient cross-version retrieval systems that scde to huge data collections still
faces challenging problems to be researched.

In this chapter, we studied the robustness and discriminative power of modied audio
ngerprints by considering peak consistencies across di eent versions of the same piece of
music. As our experiments reveal, peak ngerprints based ormusically motivated time-
pitch or time-chroma representations allow for an identi cation of di erent performances
of the same piece of music. In contrast to 3-5 sec long querie®nsidered for traditional
audio ngerprinting, 15-25 sec are necessary for obtaininga robust and accurate cross-
performance identi cation procedure. Our results indicate that, using more musical feature
representations, it is possible to employ similar techniges as used by Shazam for other
music retrieval tasks such as audio matching or cover song teeval.

In our investigation, temporal di erences between performances were not considered but
compensated in a preprocessing step using an oine music syalronization technique.

In particular, for designing an e cient and scalable system, indexing techniques based
on robust and discriminative hashes that can cope with tempoal di erences between

performances need to be researched.

In [12], a peak-based strategy based on \chroma landmarks" is propsed and applied to
cover song detection on the Million Song Datasef11]. The authors address the problem of
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temporal di erences between the cover versions by computig beat-synchronized chroma
features. In the resulting feature sequence, each chroma er corresponds to exactly
one beat interval of the music recording. As a result, the extacted ngerprint peaks are
(in theory) invariant against temporal distortions. As dis cussed in Part | of this thesis,
however, automatic beat tracking is a challenging task everfor pop and rock music. For
classical music, as considered in our scenario, automaticelt tracking becomes even more
di cult and often results in a large number of beat tracking e rrors.
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Chapter 10

Characteristic Audio Shingles

In this chapter, we address the fundamental issue on how crgsversion retrieval can be
accelerated by employing index structures that are based osuitably designed elementary
building blocks. Our approach is built upon ideas of two receatly proposed retrieval
systems[18; 103 introduced in Section 8.3. In[105, a matching procedure is described
that allows for a fragment-based retrieval of all audio excepts musically related to a given
query audio fragment. To this end, the query and all databasedocuments are converted to
sequences of chroma-based audio features. To cope with temwal variations, global scaling
techniques are employed to derive multiple queries that simlate di erent tempi. Finally,
feature quantization techniques in combination with inverted le indexing is applied to
speed up the retrieval process. The authors report on speedp factors of 10-20 for medium
sized data collections. However, using a codebook of xed =&, this approach does not
scale well to collections of millions of songs. 18], a di erent approach is described.
Instead of considering long feature sequences, the audio teaial is split up into small
overlapping shingles that consist of short chroma feature subsequences. These ishles
are indexed using locality sensitive hashing. While being &ry e cient (the authors report
on a speed-up factor of 100) and scalable to even large data llections, the proposed
shingling approach has one major drawback. To cope with tempral variations in the
versions, each shingle covers only a small portion of the aun material (three seconds in
the proposed system). As a result, an individual shingle is®o short to characterize well
a given piece of music. Therefore, to obtain a meaningful reteval result, one needs to
combine the information retrieved for a large number of quey shingles. As a consequence,
many hash-table lookups are required in the retrieval proces. This becomes particularly
problematic, when the index structure is stored on a secondyg storage device.

Based on ideas of these two approaches, we systematicallyvastigate how one can sig-
ni cantly reduce the number of hash-table lookups. Our main idea is to use a shingling
approach, where an individual shingle covers a relativelydrge portion of the audio mate-
rial (between 10 and 30 seconds). Compared to short shinglesuch large shingles have a
higher musical relevance so that a much lower number of shidgs su ces to characterize a
given piece of music. However, increasing the size of a shiegcomes at the cost of increas-
ing the dimensionality and possibly loosing robustness toémporal variations. Building on
well-known existing techniques, the main contribution is to systematically investigate the
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delicate trade-o between the query length, feature parameers, shingle dimension, and
index settings. In particular, we experimentally determine a setting that allows for re-
trieving most versions of a piece of music when using only arsgle 120-dimensional shingle
covering roughly 20 seconds of the audio material. For dealig with temporal variations,
we investigate two conceptually di erent matching strategies. Furthermore, we show that
such large shingles can still be indexed using locality serive hashing with only a small
degradation in retrieval quality.

The remainder of this chapter is organized as follows. First we introduce the overall

retrieval approach (Section 10.1) and the two matching strdegies (Section 10.2). Then,
in Section 10.3, we report on our systematic experiments. Qulusions are given in Sec-
tion 10.4.

10.1 Cross-Version Retrieval Strategy

In our cross-version retrieval scenario, given a short fragent of a music recording as query,
the goal is to retrieve all music recordings (documents) th& contain a passage similar to
the query from a large dataset. The retrieval result for a quey is given as a ranked list
of document identi ers. To this end, we proceed in three steg. Given a queryQ and a
document D to be compared, the rst step consists in convertingQ and D into sequences

as in [105; 14, we use 12-dimensional chroma-based audio features, whiere a powerful
mid-level representation for capturing harmonic content in music recordings, while being
robust to other musical aspects. See Section 8.3 for a more t@ded introduction to
chroma features in the audio matching context. More precisky, as in Section 5.2, we use a
chroma variant referred to as CENS features [123, which involve a temporal smoothing
by averaging chroma vectors over a window of lengtlw and downsampling by a factor of
d. In our experiments, we use a feature rate of 10 Hz for the basichroma vectors. Then,
for example, settingd = 10 and w = 41 results in one feature vector per second (a feature
resolution of 1 Hz), where each vector is obtained by averagp over 41 consecutive frames,
corresponding to roughly 4 sec of the audio. The resulting f@ures CEN@v; d) show an
increased robustness to local tempo changes and allow for xébly adjusting the temporal
resolution, see Figure 8.5.

oflength M fort 2 [L:N M +1]. Here, we adopt the idea of audio shingled18] and
reorganize the sequences of feature vectors into shinglecters. In our system, we represent
each queryQ as a single shingle of dimensio  12. Then, we use the cosine measure
to obtain a similarity value between X and all subsequences of of length M de ned as

- M-
soiv My =

= o (101)
iXi iYyMi

where jj denotes the Euclidean norm. In the third step, we then expres the document-

1Chroma Energy Normalized Statistics features, provided by the Chroma Toolbox
www.mpi-inf.mpg.de/resources/MIR/chromatoolbox
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wise similarity of Q and D as

. — . M .

S(Q;D) = t2[lr:r,\}axM " s(X;Y{h) (10.2)
Given Q and a datasetD containing jDj documents, we computeS betweenQ and all D 2
D and rank the result by descendingS(Q; D). In practice, however, such an exhaustive
search strategy is not needed to nd the relevant documents.nstead, one tries to e ciently
cut down the set of candidate subsequences using index-baketrategies such as locality
sensitive hashing (LSH) and computesS in Eq. (10.2) using only the retrieved shingles
(setting s(X; YM) = 0 for non-retrieved shingles Y,V').

Given the setDg D of documents that are relevant to the queryQ, we follow [164] and
express the retrieval accuracy in terms of themean of average precisiofMAP) measure as
introduced in Section 9.2.4. Using several queries, we comje 7Q (see Eq. (9.3)) for each
Q and average over all values to obtain the MAP valueh i. Furthermore, we determine
h i, expected under the null hypothesis of a randomly created soed list as in [164].

10.2 Tempo-Invariant Matching Strategies

Typically there are tempo di erences in the versions consi@red in our retrieval scenario.
As a result, a musical passage represented by a query can bealized in another version
with signi cant temporal di erences. In that case, our choi ce of representing each query
as a single shingle would require a comparison of shinglesprmesenting feature sequences
of diering length. One approach to this problem is to use sinilarity measures based
on dynamic time warping (DTW) or Smith-Waterman [162. However, regarding com-
putationally e ciency and an application in the indexing co ntext, such procedures are
problematic. Instead, we employ thequery scaling strategyas proposed in[105. Here,

each simulating a global change in the tempo of the query. Theimilarity value between
D and Q is then de ned as

. — (r). .
S(Q;D) rrgﬁ?%] S(QY/;D) : (10.3)

Furthermore, as a baseline strategy, we handle tempo di erace betweenQ and D using
an oine DTW-based procedure[49] that ensures that corresponding feature sequences
coincide in all versions. This idealized procedure servessaeference in our experiments as
it provides an optimal estimate of S(Q; D) even in the case of strong non-linear temporal
distortions.

10.3 Experiments

In this section, we describe our systematic experiments tonivestigate the in uence certain
parameters have on the trade-o between e ciency and shingke characteristic. First, in
Section 10.3.1, we introduce our dataset. Then, in Section@.3.2, we report on a rst exper-
iment investigating how long a query Q needs to be to accurately characterize all versions



Table 10.1:

CHAPTER 10.

CHARACTERISTIC AUDIO SHINGLES

Composer Piece Description  #  Dur. (min)
Chopin Op. 17, No. 4 Mazurka 62 269
o Chopin Op. 24, No. 2 Mazurka 64 147
2 Chopin Op. 30, No. 2 Mazurka 34 48
O Chopin Op. 63, No. 3 Mazurka 88 189
Chopin Op. 68, No. 3 Mazurka 50 84
Beethoven Op. 67, 1. Mov. Fifth 10 75
© Beethoven Op. 67, 2. Mov. Fifth 10 98
@ Beethoven Op. 67, 3. Mov. Fifth 10 52
Beethoven Op. 67, 4. Mov. Fifth 10 105
. Vivaldi RV 315, 1. Mov. Summer 7 38
= Vivaldi RV 315, 2. Mov. Summer 7 17
~ Vivaldi RV 315, 3. Mov. Summer 7 20
DQueries 359 1145
D 2484 9725

The music collection used in our experiments. The last two clumns denote the

number of di erent performances and the duration in minutes.

of the underlying piece and what a suitable feature resolutn is. In Section 10.3.3, we an-
alyze how well tempo di erences between the versions can beandled by the query scaling
approach (avoiding computationally problematic warping procedures). In Section 10.3.4,
we work out whether the shingle dimension can be further redaed using principal compo-
nent analysis (PCA). Finally, in Section 10.3.5, we analyzehow cross-version retrieval can
be accelerated by indexing the resulting shingles using ladity sensitive hashing (LSH)
and how much accuracy is lost in this step.

10.3.1 Dataset

In our experiments, we use a dataseD of 2484 audio recordings with an overall runtime of
162 hours, see Table 10.1. A subset (denotelqggeries) Of 359 recordings is used for obtain-
ing queries. This part of the dataset corresponds to the dataet introduced in Section 9.2.1.
These recordings correspond to classical music pieces byrée di erent composers. For
each piece, there are 7 to 88 dierent recorded versions avable. More precisely, the
rst part Chop consists of 298 piano recordings of ve Mazurkas by Fedeic Chopin.?
The second part Beet consists of ten recorded performances of BeethovenSymphony
No. 5 in orchestral as well as piano interpretations. The third pat Viva contains seven
orchestral performances of théSummer from Vivaldi's Four Seasons Additionally, we add
2125 recordings of various genre to enlarge the dataset. Inuo experiments, we randomly
select 100 queries from each of the three parts @queries and average the results over the
resulting 300 queries.

10.3.2 Evaluation of Query Length and Feature Resolution

In a rst experiment, we investigate how much of a recording reeds to be captured by
the query Q to robustly characterize all versions of the underlying piee. Furthermore, we

2This data is provided by the Mazurka Project http://mazurka.  org.uk/
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Figure 10.1: MAP values as a function of query lengthjQj using CEN@v; d) in di erent feature
resolutions. Null hypothesish i =0:015.

null

analyze to what extent the temporal resolution of the features can be reduced without neg-
atively a ecting the retrieval quality. Here, we exploit th e downsampling and smoothing
parametersd and w of the CEN@w; d) features. The goal is to reduce the overall dimen-
sionality of the query while retaining as much of the retrieval accuracy as possible. For
the moment, we use the DTW-based procedure to account for teqmo di erences between
the versions.

Figure 10.1 shows MAP values obtained usingCEN@w; d) features with seven di erent
query lengths jQj and ve dierent feature resolutions. Obviously, the longer jQj the
higher the retrieval quality. For example, for jQj = 28 sec, one obtains MAP values of
hi 0:99, regardless of the feature resolution. Short queries, ever, can not accurately
capture the characteristics of a piece, leading to signi catly lower MAP values. Reducing
the feature resolution, one observes lower MAP values, toadn particular in combination
with short queries. For example, usingjQj = 4 sec, one obtainsh i  0:94 for CEN; 1)
(10 Hz resolution) and h i 0:83 for CEN@1;20) (0:5 Hz resolution). Increasing the
query length, however, this e ect vanishes. In particular for jQj 20 sec one obtains
similar MAP values, independent of the feature resolution. Using d = 10 (1 Hz) as in
CEN@!1; 10) with jQj = 20 sec constitutes a good trade-o between query dimensioality
and query characteristic. This setting results in shingleswith a dimensionality of 240.

10.3.3 Evaluation of Matching Strategies

In this experiment, we investigate how much of retrieval acairacy is lost when using the
query scaling approach for handling tempo di erences instad of the idealized DTW-based
technique. Figure 10.2a shows the retrieval quality usingCEN@!1; 10) for di erent query
scaling settings. Here, we us® variants of the query with scaling factors speci ed by the
set T. R = 1 means that only the original query is used. Furthermore, we useR = 3
with T = f0:8;1; 1:253, meaning that the query is also stretched by a factor of @B and
1:25 (thus simulating tempo changes of roughly 25%). Similarily, we useR = 5 with
T = f0:66,;0:8;1;1:25,1:59g and R = 9 with T = f0:66;0:73,0:8;0:9; 1; 1:1; 1:25; 1:35; 1.5g.
The red line indicates the DTW-based result as shown in Figue 10.1. From these results,
we draw two conclusions. Firstly, the scaling strategy R > 1) signi cantly increases
the retrieval quality in comparison to only using the original query (R = 1). The actual
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Figure 10.2: MAP values obtained for four query scaling strategies and tle DTW-based strategy
using (a) CEN@!1;10) and (b) CENG;1).
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Figure 10.3: MAP values as a function of feature dimension obtained by PCAbased dimension
reduction of CENGw; d).

choice of parameters does not seem to be crucial. In the caskaur dataset, already a small
number of additional queries R = 3) seems to be su cient. Secondly, the scaling strategy
leads to very similar results as the computationally expensre DTW-based strategy, in
particular when using a large smoothing window (e.g.,w = 41 in CEN@I1;10)). In
the case of the smaller smoothing windoww = 5 in CENE; 1) (see Figure 10.2b), the
di erence is more signi cant. In summary, a local feature smoothing in combination with
a global scaling strategy yields a robust yet computationalsimple alternative to warping
procedures.

10.3.4 Evaluation of Dimensionality Reduction

In a third experiment, we investigate in how far statistical data reduction based on Prin-
cipal Component Analysis (PCA) can be applied to CENS featues to further reduce the
dimensionality of the query.

PCA estimates the principal components, i.e., the directions with maximum variance in
the feature space and facilitates a projection of the origial data points onto a new coordi-
nate system spanned by a subset of these principal component Ordering the components
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Figure 10.4: lllustration of the MAP values and runtimes obtained using CENG!1; 10)-6 with
di erent parameter settings in the LSH-based retrieval experiment. (a) Retrieval quality MAP.
(b) Overall runtime per query including index lookup time and document ranking time. Horizontal
black lines indicate values obtained by the exhaustive seah.

in the order of decreasing variance guarantees an optimal pgesentation of the data in a
feature space with reduced dimensionality. We estimate theprincipal components using
all non-query documents of our dataset and project all featue sequences onto the most
dominating components. Figure 10.3 shows MAP values obtaied for PCA-reduced vari-
ants of CENS features with 1-12 remaining dimensions. For auery length jQj = 20 sec
(Figure 10.3a), MAP values are nearly una ected when reduang the number of dimen-
sions from 12 to 4, in particular for higher feature resolutons. However, in combination
with shorter queries of jQj = 10 (Figure 10.3b), the retrieval quality is more a ected by a
dimensionality reduction.

In the following, we use the rst 6 components of CEN@!1; 10) features, denoted as
CENG#H.; 10)-6.2 Using jQj = 20, this results in 120-dimensional shingles, which con-
stitutes a reasonable trade-o between shingles dimensiaity and shingle characteristic.

10.3.5 Indexed-Based Retrieval by Locality Sensitive Hash ing

We now investigate whether it is possible to index shingles fothis size using locality
sensitive hashing (LSH) for accelerating the retrieval. L% is a hash-based approach for
nding approximate nearest neighbors based on the princip& that similar shingles are
indexed with the same hash value. In our experiment, we use aimplementation of the
Exact Euclidean LSH (E?LSH) algorithm [28]. We index all shingles of the entire dataset
D using L parallel indices andK hash functions. For a query shingleQ we retrieve all
shingles from the index with the same hash value as the quenGiven this (typically small)
set of candidate shingles, we derive the ranked list of docuants and compute MAP values
as described in Section 10.1.

Figure 10.4 shows MAP values (Figure 10.4a) and runtime per gery in milliseconds*

SFurther experiments revealed that CENGAL; 10)-6 is very similar to the musically motivated 6-
dimensional tonal centroid proposed in [84]. This is also related to computing a Fourier transform of
chroma features as proposed in[175].

“4obtained on a Xeon X5560 CPU with 72GB of RAM
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Figure 10.5: Comparison of two LSH-based retrieval strategies. Warpingstrategy (solid line)
and query scaling strategy R =5, T = f0:66;0:8;1; 1:25; 1:5g) (dashed line) using CENE!1; 10)-6.
(a) MAP values. (b) Overall runtime per query.

(Figure 10.4b) as a function ofK for dierent L.°> These are crucial parameters having a
tremendous in uence on the trade-o between retrieval quality and runtime. For example,
setting K =12 and L =5 results in a MAP h i  0:90, see black square in Figure 10.4a.
This is only slightly lower than the MAP value one obtains for the exhaustive search
(horizontal black line). However, the runtime for this setting is signi cantly (by a factor
of 25) faster than for the exhaustive search, see black squarin Figure 10.4b. K and L
allow for controlling the trade-o between speed and quality of the results. SettingK =25
and L = 10, the MAP dropsto h i  0:80 (black circle). However, this goes along with
a decrease of query runtime to 5 ms, a speed-up of 100 in comjswn to the exhaustive
search.

The results shown in Figure 10.4 are again obtained using th&leal DTW-based procedure
for handling tempo di erences. Figure 10.5 now shows the coparison of the warping (solid

line) with the query scaling approach (dashed line) forL =5 and L = 30. Similar as for

the exhaustive search discussed in Section 10.3.3, usify= 5, one observes only a small
drop in retrieval quality (see Figure 10.4a). Using this strategy, the runtime per query

linearly increases with the number of scaled querieR (see Figure 10.4b).

10.4 Conclusion

Concluding the experiments, one can say that even when usinfarge shingles (covering
roughly 20 seconds of audio material), LSH-based indexingetchniques can be applied for
obtaining a signi cant speed-up of the retrieval process (y to factor of 100). At the same
time, most of the accuracy of an exhaustive search can be reitzed. To facilitate this, we
determined suitable parameter settings with regard to quey length, feature resolution and
smoothing, as well as shingle dimension. The advantage of img shingles that represent
a large audio fragment is that most versions of a given piecean be characterized and
retrieved by using a single shingle. A combination of local gature smoothing and global
query scaling is used to avoid any kind of complex warping op@tion. In future work,

5The quantization parameter denoted r in [28] is found as proposed in[18].
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this can be exploited to signi cantly reduce the number of hash-table lookups needed for
performing cross-version retrieval. The number of lookupshecomes a crucial bottleneck
when the index structure is stored on secondary storage desgs, which is unavoidable when
dealing with collections of millions of songs. Furthermore using di erent hash functions
may lead to improvements of retrieval quality and run-time [140. In particular, spherical
hash functions as proposed if168 may be well suited for the characteristics of chroma
shingles.






Chapter 11

Conclusion of the Thesis

In this thesis, we discussed various applications of signgirocessing methods to music. In
particular, we focused on three central tasks in the eld of rnrusic information retrieval: beat

tracking and tempo estimation, music segmentation, and cotent-based retrieval. For all

three tasks, we exploited musical knowledge about the signgl properties to derive feature
representations that show a signi cant degree of robustnes against musical variations but
still exhibit a high musical expressiveness.

In Part | of the thesis, we dealt with the extraction of local t empo and beat information.
Opposed to previous approaches that assume constant tempditoughout a recording,
our analysis particularly focused on music with temporal vaiations. As one major con-
tribution, we introduced a novel concept for deriving musically meaningful local pulse
information from possibly noisy onset information. Exploiting the local quasi-periodicity
of music signals, the main bene t of our PLP mid-level reprentation is that it can locally
adjust to changes in tempo. Even for classical music with sbfnote onsets, we were able
to extract meaningful local tempo and beat information. However, for highly expressive
interpretations of romantic music, the assumption of local quasi-periodicity is often vio-
lated leading to poor results. In such cases, our PLP concept least yields a con dence
measure to reveal problematic passages.

The understanding of physical and musical properties that nake beat tracking di cult
is of essential importance for improving the performance ofautomated approaches. As
second contribution of Part I, we introduced a novel evaluaion framework for beat tracking
algorithms where multiple performances of a piece of musicra considered simultaneously.
This approach yields a better understanding not only of the dgorithms' behavior but
also of the underlying music material. As third contribution of Part I, we introduced
various tempogram representations that reveal local tempand rhythm information while
being robust to extraction errors. Furthermore, exploiting musical knowledge about the
di erent pulse levels, we introduced a class of robust mid-¢vel features that reveal local
tempo information while being invariant to pulse level confusions. Being the tempo-based
counterpart of the harmony-based chromagrams, the cyclic @mpograms are suitable for
music analysis and retrieval tasks where harmonic or timbréproperties are not relevant.

In Part Il of this thesis, we introduced various signal processing methods with the goal to
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make folk song eld recordings more easily accessible for search and analysis purposes.
As folk songs are part of oral culture, it seems plausible thaby looking at the original
audio recordings one may derive new insights that can not be erived by simply looking
at the transcribed melodies. As one main contribution of Pat I, we presented two proce-
dures for segmenting a given folk song recording into its invidual stanzas by exploiting
knowledge about the strophic structure of folk songs. In paticular, we introduced a
combination of various enhancement strategies to accountofr the intonation uctuations,
temporal variations, and poor recording conditions. Our experiments indicate that robust
segmentation results can be obtained even in the presence stfong temporal and spectral
variations without relying on any reference transcription. Limitations of our segmentation
procedures remain in the case of structural di erences acrss the stanzas of a song. In-
creasing the robustness of the segmentation procedure to hdle such variations remains
a challenging future problem.

Furthermore, we presented a multimodal approach for extrating performance parameters
by comparing the audio material with a suitable reference tanscription. As main con-
tribution, we introduced the concept of chroma templates that reveal the consistent and
inconsistent melodic aspects across the various stanzas afgiven recording. In computing
these templates, we used tuning and time warping strategieso deal with local variations
in melody, tuning, and tempo.

The segmentation and analysis techniques introduced in Parll of the thesis constitute
only a rst step towards making eld recordings more accesdble to performance analysis
and folk song research. Only by using automated methods, onean deal with vast amounts
of audio material, which would be infeasible otherwise. Ourtechniques can be considered
as a kind of preprocessing to automatically screen a large mber of eld recordings with
the goal to detect and locate interesting and surprising pasages worth being examined in
more detail by domain experts. This may open up new challengig and interdisciplinary
research directions not only for folk song research but alséor music information retrieval
and music cognition [17§.

In Part Il of this thesis, we discussed various content-baed retrieval strategies based
on the query-by-example paradigm. Such strategies can be désely classi ed according to
their speci city, which refers to the considered degree of inilarity between the query and
the database documents. As one contribution of Part 11, a seond classi cation principle
based on granularity was introduced. The resulting speci dty/granularity scheme gives
a compact overview of the various retrieval paradigms whileillustrating their subtle but
crucial di erences. The speci city has a signi cant impact on the e ciency of the retrieval
system. Search tasks of high speci city typically can be relized e ciently using indexing
techniques. In contrast, search tasks of low speci city ned more exible and cost-intensive
mechanisms for dealing with musical variations.

As further contribution of Part 111, we presented two invest igations with the goal to scale
low speci city cross-version retrieval to large datasets. Firstly, we studied the robust-
ness and discriminative power of modi ed audio ngerprints. As our experiments reveal,
modi ed peak ngerprints based on musically motivated time -pitch or time-chroma repre-
sentations can handle a high degree of spectral variationsra allow for an identi cation of
di erent performances of the same piece of music. Howeverhte issue on how the temporal



145

variations between performances can be considered in thispproach is still unclear and
should be subject to future research. Our second approach te cient cross-version re-
trieval is based on audio shingling, where each query is repsented by a single shingle that
covers a long segment of the audio recording. In this approdg a combination of strategies
is used to derive compact yet highly characteristic and robst audio shingles. Robustness
to spectral variations is obtained using suitable variantsof chroma features, whereas tem-
poral variations are handled by using a combination of locafeature smoothing and global
query scaling strategies. Using the resulting low-dimensinal shingles, LSH-based indexing
techniques can be applied for signi cantly speeding up the etrieval process.

Aside from e ciency and scalability issues, another major challenge in content-based music
retrieval refers to cross-modal retrieval scenarios, wherthe query as well as the retrieved
documents can be of di erent modalities. For example, one nght use a small fragment of
a musical score to query an audio database for recordings thare related to this fragment.
Or a short audio fragment might be used to query a database cdaining MIDI les. In the
future, comprehensive retrieval frameworks need to be deveped that o er multi-faceted
search functionalities in heterogeneous and distributed msic collections containing all
sorts of music-related documents.

All feature representations presented in this thesis show aigni cant degree of robust-
ness against musical variations while still exhibiting a hgh musical expressiveness. The
increased robustness is achieved by exploiting model assytions about the analyzed mu-
sic signals. These model assumptions, however, go along Wit reduced generalizability.
For example, in our PLP concept, we assume local quasi-peritcity, which allows us to
obtain meaningful results even in the presence of weak notengets and continuous tempo
changes. In the case of local tempo distortions as found in #h Chopin Mazurkas, however,
this assumption is violated and the limits of our approach ae reached. For such kind
of signals, a di erent approach (e.g., based on an explicit dtermination of note onset
positions and an evaluation of inter-onset-intervals) maylead to better results [40]. Simi-
larly, in our folk song analysis, we assume a strophic form ashobtain robust segmentation
results even in the presence of signi cant spectral and temgral variations. The limits
of this repetition-based approach, however, are reached vem structural variations within
the stanzas occur, i. e., when the assumption of a strophic fm is violated. In the case of
such variations, novelty-based approaches for detectingegment boundaries may be less
fragile [143.

As these examples show, one grand challenge for music sigmabcessing is related to the
question on how the developed techniques and methods can beaae more general and
applicable to cover a wide range of music signals. In the yearof MIR research, solutions
have been presented that can cope with isolated facets of migssignals in restricted and
well-de ned scenarios. In future research, more e orts ned to be put into developing

approaches that are capable of dealing with and adopting to ebitrary music signals to

better re ect the various facets of music.
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Appendix A

Tempogram Toolbox

The tempo and pulse-related audio features described in Parl of this thesis are re-
leased as MATLAB implementations in a Tempogram Toolbox which is provided under a
GNU-GPL license at www.mpi-inf.mpg.de/resources/MIR/te mpogramtoolbox. The func-
tionality provided by our tempogram toolbox is illustrated in Figure A.1, where an audio
recording of Claude Debussy's Sonata for Violin and Piano inG minor (L 140) serves
as an example. The audio recording is available from Saarlah Music Data (SMD)

http://www.mpi-inf.mpg.de/resources/SMD/. Analyzing t his recording with respect to
tempo is challenging as it contains weak note onsets playedyta violin as well as a number
of prominent tempo changes.

Given an audio recording (Figure A.1a), we rst derive a novdty curve as described in
Section 2.3 (Figure A.1b). Given such a (possibly very noisy onset representation the
toolbox allows for deriving a predominant local pulse (PLP) curve as introduced in Sec-
tion 2.6 (Figure A.1c). As second main part, our tempogram tmlbox facilitates various

tempogram representations as introduced in Chapter 4 that eveal local tempo characteris-
tics even for expressive music exhibiting tempo-changes. dlobtain such a representation,
the novelty curve is analyzed with respect to local periodicpatterns. Here, the toolbox
provides Fourier-based methods (Figure A.1d,f) as well as @tocorrelation-based meth-
ods (Figure A.le,g), see Section 4.1. For both concepts, regsentations as time/tempo
(Figure A.1d,e) as well as time/time-lag tempogram (Figure A.1f,g) are available. Fur-

thermore, resampling and interpolation functions allow fa switching between tempo and
time-lag axes as desired. The third main part of our toolbox povides functionality for

deriving cyclic tempograms from the tempogram representabns as introduced in Sec-
tion 4.2. The cyclic tempo features constitute a robust midievel representation revealing
local tempo characteristics of music signals while being wariant to changes in the pulse
level (Figure A.1h,i). Being the tempo-based counterpart ¢ the chromagrams, cyclic
tempograms are suitable for music analysis and retrieval taks. Finally, the tempogram
toolbox contains a variety of functions for the visualization and soni cation of extracted

tempo and pulse information.
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Figure A.1: lllustration of the functionality of the tempogram toolbox using an excerpt (sec-
ond movement, bars 79 107) of an audio recording of Claude Debussy's Sonata for Vim and
Piano in G minor (L 140). (a) Waveform of the excerpt. (b) Novelty curve extracted from the
audio recording indicating note onset candidates.(c) PLP curve revealing the predominant local
pulse. (d) Fourier-based tempogram. (e) Autocorrelation-based tempogram. (f) Fourier-based
tempogram with time-lag axis. (g) Autocorrelation-based tempogram with time-lag axis. (h)
Fourier-based cyclic tempogram.(i) Autocorrelation-based cyclic tempogram.
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