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What? analysis from recordings
Why? Have the computer do what we don’t want to do, or can’t easily do, or do it faster. Also, to 
learn about our own perception of music.



Crash Course
2

In Music and DSP



What is Music?

Rhythm

Pitch

Timbre
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3 axes: time, frequency, texture
mention dynamics in passing
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two of the dimensions (time, pitch)
timbre: instrument/performer
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Discuss essentials of notation: rhythm (durations, time signature), pitch (notes on staff).
Discuss harmony and improvisation. Play the first two lines straight with block chords on the 
keyboard if possible (even better if you can transpose it down a step to match Brubeck), then play 
Brubeck clip.
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Explicit notation, but still very free-flowing.
Play Herrick clip (first 3 bars).
note timing
Demonstrate timbre by playing the synthesizer (Dorsey) version of the first 3 bars, and compare 
with organ.



Sound

Vibrations cause Waves

Sinusoidal Composition

Time domain and Frequency domain
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Sound Waves
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Sampling
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Partials

(Dodge and Jerse)
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Compare with spectrogram



Discrete Fourier Transform

X(ωk) =
N−1∑

n=0

x(tn)e−jωktn
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You’ve seen it before...
Demo Billy Joel, Movin’ Out in VLC with Spectrogram.



Spectrograms

Organ

Synthesizer
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Herrick (top) and Dorsey (bottom), first few notes.



Rhythm
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What?

Tempo

Beat Tracking

Quantization

Metrical Structure
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Beat and Tempo

Beat: steady pulse

Tempo: beats per minute
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Metrical Structure 

Metrical Levels

Time Signatures

Bars, Downbeats, etc.

33Temperley

with the correct beatlist; this could then be com-
pared with a beatlist generated by the model being
tested (similar to the approaches of Goto and Mu-
raoka 1997 and Cemgil et al. 2000b). A problem
arises here, as has already been mentioned: the lo-
cation of beats is often indeterminate. In Figure 1,
the first notes in the right hand and the left hand
are understood as coinciding with the first beat, but
they are not exactly simultaneous. Is the beat lo-
cated at 2882, 2903, or somewhere in between?

(The beatlist in Figure 1 arbitrarily aligns the beat
with the first of these two onsets.) In addition,
many beats have no coinciding note. In Figures 2a
and 2b (excerpts from later in the same piece),
where exactly is the second quarter-note beat of
m. 12, or the third quarter-note beat in m. 40? The
same could be said of all the level-0 beats in Figure
1, none of which coincide with notes. Indeed, one
might question whether level-0 beats are even pres-
ent in this passage. The location of these indeter-

Figure 1. Mozart, Sonata
KV 332, I, mm. 1–5, show-
ing metrical grid (above
the staff), notelist, beatlist,
and note-address list.

(Temperley, 2004)
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Note the hierarchical nature
Which is the primary metrical level? Not always clear-cut
Quantization is the alignment of events to this hierarchical structure



Complications
Tempo Rubato

Fermatas, etc.

Syncopation

Articulation

Imperfect Performance

17



sic. Thus it is really suitable only for representing
the timing structures of musical scores or as an ab-
stract representation of a performance in which the
expressive timing is not represented.

There are conceptually two types of non-metrical
timing that fall under the headings tempo and tim-
ing, respectively. These are illustrated in Figure 1,
which shows a strictly metrical (isochronous) pulse
(a), followed by three variations on this pulse. There
are two types of timing changes: in the first case (b),
just one beat in the pulse is displaced, whereas in
the second case (c), all beats from a particular time
onward are displaced, as when a pause occurs in the
music. In both of these cases, the change is in the
timing; there is a discontinuity in the pulse, but the
rate of the pulse on both sides of the discontinuity
is the same. In this sense, we can associate timing
changes with short-term changes in the pulse. On
the other hand, a tempo change is a change in the
rate of the pulse (d), which is a long-term change in
the pulse.

It is important to note that at the time of the first
change (the fourth beat in the pulse), it is impos-
sible to distinguish cases (b), (c), and (d). This makes
causal analysis impossible (i.e., algorithms which
do not use information about future events in ana-
lyzing present events, as, for example, any real-time
algorithm), because with no knowledge of the fu-
ture, a single “out-of-time” beat could be caused by
either a tempo or timing change (Cambouropoulos
et al. 2001).

One of the greatest difficulties in analyzing per-
formance data is that the two dimensions of tempo
and timing are projected onto the single dimension
of time. Mathematically, it is possible to represent
any tempo change as a series of timing changes and
any timing change as a series of tempo changes, but
these descriptions are somewhat counterintuitive
(Honing 2001). The parsimony of the representation
is an important factor in its psychological plausibil-
ity (Tanguiane 1993).

To represent changing tempi, various approaches
can be used. If tempo is considered as an instanta-
neous value, it can be calculated as the inter-beat
interval measured between each pair of successive
beats. A more perceptually plausible approach is to
take an average tempo measured over a longer
period of time. A measure of central tendency of
tempo over a complete musical excerpt is called the
basic tempo (Repp 1994), which is the implied
tempo around which the expressive tempo varies.
The end result of any of these approaches is a value
of tempo as a function of time, which is called a
tempo curve. Often, timing is also modeled by the
tempo curve representation, an approach that is
sharply criticized (Desain and Honing 1991; Honing
2001) for failing to separate the dimensions of
tempo and timing. This criticism is well supported
by examples where transformations applied to a
tempo curve representation do not preserve musi-
cally important features.

Among others, Bilmes (1993) and Baggi (1991) pro-
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Figure 1. Four time lines,
marked with onsets, illus-
trating the difference be-
tween tempo and timing
changes. (a) An isochro-

nous pulse; (b) a local tim-
ing change; (c) a global
timing change; and (d) a
tempo change.

(a)

(b)

(c)

(d)

Tempo Deviation

(Gouyon and Dixon 2005)
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a - no variation
b - timing of one note
c - offset (e.g. from a fermata)
d - ritardando
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tion (as is the case in most music representation
systems, e.g., Dannenberg 1993). In other words, to
be able to perform multiple transformations (as re-
quired by music sequencers and expression edi-
tors), or compose a number of transformations into
a complex transformation (essential in program-
ming languages for music or in combining partial
computational models of expressive timing), the
transformations themselves should be an object
within the representation, not just functions ap-
plied to it. A practical example will clarify this.

Imagine one applies a jazz-swing transformation
to a score representation in a sequencer, resulting
in a performance with some expressive timing
added. Next, the user applies a global tempo trans-
formation to this result, simply speeding up the
performance. The result of this second transforma-
tion, however, will sound strange. This is because
the swing pattern is closely related to the beat at
the original tempo, which is now changed by the
tempo transformation. In order to obtain the de-
sired result, the swing pattern transformation
must adapt itself, in retrospect, to the new tempo.
It must, in fact, be a function of tempo not known
at the time of application. In general, this means
that previously applied transformations (or nested
transformations, for that matter) must sometimes
adapt themselves when new transformations are
applied. (Note: an alternative could be to describe,
with every new transformation, how all the other
aspects of the representation should be kept con-
sistent. However, this is a virtually impossible
task.) Defining this so-called ”behavior under
transformation” is essential in situations where a
representation of timing is actually used (such as
in music editors or computational modeling), in-
stead of being a static description of a perfor-

mance—the difference between a knowledge repre-
sentation and a data representation (cf. ”The Vi-
brato Problem” described in Honing 1995;
Dannenberg, Desain, and Honing 1997).

The Representation of Tempo and Timing

There are a number of ways of representing expres-
sive timing. The three most frequently encoun-
tered ones will be described here. Tempo functions
are primarily used in music psychology research.
They form the output of several generative models
of expressive timing (e.g., Clynes 1995; Todd 1992;
Sundberg 1988). Most of this research is concerned
with keyboard music from the Baroque and Ro-
mantic periods, where indeed tempo rubato (ex-
pressive tempo fluctuations) serves an important
expressive function. In some more recent studies,
time-shift (or event-shift) patterns (i.e., timing
measured as deviations from a regular pulse) are
analyzed, for example, in studies of timing in jazz
ballads (Ashley 1996) or in Cuban percussion mu-
sic (Bilmes 1993). In computer music, time-
maps—also referred to as time-deformations
(Anderson and Kuivila 1990) or time-warps
(Dannenberg 1997)—are primarily used. They ex-
press performance-time directly as a function of
score-time, and can, in principle, describe both
time-shift and tempo-change.

Mathematically, tempo changes can be ex-
pressed as time-shifts and vice versa: they are
equivalent under some constraints that will be
mentioned later (see Figure 2). However, they are
musically very different notions. Tempo change is
associated with, for example, rubato, accelerando
(speeding up), and ritardando (slowing down),
while time-shift involves, for instance, accentuat-
ing notes by delaying them a bit or playing notes
”behind the beat,” both apparently independently
of the tempo. Also, from a perceptual point of
view, it seems that listeners do perceive tempo
relatively independently from timing, a point that
will be discussed later in this article.

Before proposing a formalism that takes these ob-
servations into account the three existing representa-
tions mentioned above (i.e., tempo curves, time-shift

Figure 1. Three aspects of
music performance that
are closely related: ex-
pressive timing, global

tempo (or rate), and tem-
poral structure (such as
rhythm, meter, or phrase
structure).

Tempo

Temporal
structure

Timing
(Honing 2001)
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naïve algorithms trip up on timing
tempo changes too (rubato)
structure can be very valuable information



How?

Detect Onsets

Construct a Model
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the model has hidden state, i.e. the tempo and phase
it predicts and state is adjusted to maximize agreement



Onsets

Rhythmic events

Points in time

Usually onsets of notes
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Onset Detection
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A Tutorial on Onset Detection in Music Signals
Juan Pablo Bello, Laurent Daudet, Samer Abdallah, Chris Duxbury, Mike Davies, and

Mark B. Sandler, Senior Member, IEEE

Abstract—Note onset detection and localization is useful in a
number of analysis and indexing techniques for musical signals.
The usual way to detect onsets is to look for “transient” regions in
the signal, a notion that leads to many definitions: a sudden burst
of energy, a change in the short-time spectrum of the signal or in
the statistical properties, etc. The goal of this paper is to review,
categorize, and compare some of the most commonly used tech-
niques for onset detection, and to present possible enhancements.
We discuss methods based on the use of explicitly predefined signal
features: the signal’s amplitude envelope, spectral magnitudes and
phases, time-frequency representations; and methods based on
probabilistic signal models: model-based change point detection,
surprise signals, etc. Using a choice of test cases, we provide
some guidelines for choosing the appropriate method for a given
application.

Index Terms—Attack transcients, audio, note segmentation, nov-
elty detection.

I. INTRODUCTION

A. Background and Motivation

MUSIC is to a great extent an event-based phenomenon for
both performer and listener. We nod our heads or tap our

feet to the rhythm of a piece; the performer’s attention is focused
on each successive note. Even in non note-based music, there
are transitions as musical timbre and tone color evolve. Without
change, there can be no musical meaning.

The automatic detection of events in audio signals gives new
possibilities in a number of music applications including con-
tent delivery, compression, indexing and retrieval. Accurate re-
trieval depends on the use of appropriate features to compare
and identify pieces of music. Given the importance of musical
events, it is clear that identifying and characterizing these events
is an important aspect of this process. Equally, as compres-
sion standards advance and the drive for improving quality at
low bit-rates continues, so does accurate event detection be-
come a basic requirement: disjoint audio segments with homo-
geneous statistical properties, delimited by transitions or events,
can be compressed more successfully in isolation than they can
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itor coordinating the review of this manuscript and approving it for publication
was Dr. Gerald Schuller.
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Fig. 1. “Attack,” “transient,” “decay,” and “onset” in the ideal case of a single
note.

in combination with dissimilar regions. Finally, accurate seg-
mentation allows a large number of standard audio editing al-
gorithms and effects (e.g., time-stretching, pitch-shifting) to be
more signal-adaptive.

There have been many different approaches for onset detec-
tion. The goal of this paper is to give an overview of the most
commonly used techniques, with a special emphasis on the ones
that have been employed in the authors’ different applications.
For the sake of coherence, the discussion will be focused on
the more specific problem of note onset detection in musical
signals, although we believe that the discussed methods can be
useful for various different tasks (e.g., transient modeling or lo-
calization) and different classes of signals (e.g., environmental
sounds, speech).

B. Definitions: Transients vs. Onsets vs. Attacks

A central issue here is to make a clear distinction between the
related concepts of transients, onsets and attacks. The reason
for making these distinctions clear is that different applications
have different needs. The similarities and differences between
these key concepts are important to consider; it is similarly im-
portant to categorize all related approaches. Fig. 1 shows, in the
simple case of an isolated note, how one could differentiate these
notions.

• The attack of the note is the time interval during which
the amplitude envelope increases.

1063-6676/$20.00 © 2005 IEEE

(Bello et al. 2005)

22

transients are key
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• The concept of transient is more difficult to describe pre-
cisely. As apreliminary informal definition, transients are
short intervals during which the signal evolves quickly
in some nontrivial or relatively unpredictable way. In the
case of acoustic instruments, the transient often corre-
sponds to the period during which the excitation (e.g., a
hammer strike) is applied and then damped, leaving only
the slow decay at the resonance frequencies of the body.
Central to this time duration problem is the issue of the
useful time resolution: we will assume that the human ear
cannot distinguish between two transients less than 10
ms apart [1]. Note that the release or offset of a sustained
sound can also be considered a transient period.

• The onset of the note is a single instant chosen to mark
the temporally extended transient. In most cases, it will
coincide with the start of the transient, or the earliest
time at which the transient can be reliably detected.

C. General Scheme of Onset Detection Algorithms

In the more realistic case of a possibly noisy polyphonic
signal, where multiple sound objects may be present at a given
time, the above distinctions become less precise. It is generally
not possible to detect onsets directly without first quantifying
the time-varying “transientness” of the signal.

Audio signals are both additive (musical objects in poly-
phonic music superimpose and not conceal each other) and
oscillatory. Therefore, it is not possible to look for changes
simply by differentiating the original signal in the time domain;
this has to be done on an intermediate signal that reflects, in
a simplified form, the local structure of the original. In this
paper, we refer to such a signal as a detection function; in the
literature, the term novelty function is sometimes used instead
[2].

Fig. 2 illustrates the procedure employed in the majority
of onset detection algorithms: from the original audio signal,
which can be pre-processed to improve the performance of
subsequent stages, a detection function is derived at a lower
sampling rate, to which a peak-picking algorithm is applied
to locate the onsets. Whereas peak-picking algorithms are
well documented in the literature, the diversity of existing
approaches for the construction of the detection function makes
the comparison between onset detection algorithms difficult for
audio engineers and researchers.

D. Outline of the Paper

The outline of this paper follows the flowchart in Fig. 2. In
Section II, we review a number of preprocessing techniques that
can be employed to enhance the performance of some of the de-
tection methods. Section III presents a representative cross-sec-
tion of algorithms for the construction of the detection function.
In Section IV, we describe some basic peak-picking algorithms;
this allows the comparative study of the performance of a se-
lection of note onset detection methods given in Section V. We
finish our discussion in Section VI with a review of our find-
ings and some thoughts on the future development of these al-
gorithms and their applications.

Fig. 2. Flowchart of a standard onset detection algorithm.

II. PREPROCESSING

The concept of preprocessing implies the transformation of
the original signal in order to accentuate or attenuate various
aspects of the signal according to their relevance to the task in
hand. It is an optional step that derives its relevance from the
process or processes to be subsequently performed.

There are a number of different treatments that can be ap-
plied to a musical signal in order to facilitate the task of onset
detection. However, we will focus only on two processes that
are consistently mentioned in the literature, and that appear to
be of particular relevance to onset detection schemes, especially
when simple reduction methods are implemented: separating
the signal into multiple frequency bands, and transient/steady-
state separation.

A. Multiple Bands

Several onset detection studies have found it useful to in-
dependently analyze information across different frequency
bands. In some cases this preprocessing is needed to satisfy
the needs of specific applications that require detection in in-
dividual sub-bands to complement global estimates; in others,
such an approach can be justified as a way of increasing the
robustness of a given onset detection method.

As examples of the first scenario, two beat tracking systems
make use of filter banks to analyze transients across frequencies.

(Bello et al. 2005)
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preprocessing example: high-pass filter
detection functions aka novelty functions



Detecton Functions
Amplitude - beats are louder (or are they?)

Spectral features

Look for percussion in high bands

Spectral Flux

Probabilistic Models
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unfortunately many modern recordings have heavy dynamic range compression



Dynamic Range Compression
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5 seconds of audio
Top: Keane - Somewhere Only We Know
Bottom: Billy Joel - Movin’ Out



Probabilistic Models for 
Onset Detection

Model the signal

Switching between transient/steady state

Surprise-detecting

26

modeling the signal with a simplified model works ok if it’s a valid model.
surprise: “get used to” the signal then be surprised by an onset.



Tempo Tracking
Stochastic dynamical system

Models beat and period - hidden state

Tempogram

Kalman filter

(Cemgil et al. 2001)
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dynamical system: (hidden) state variables and transition rules



Tempogram
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Kalman Filter
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Expressive Performances

Onset Salience

Onset Clustering

Multiple Agents

(Dixon 2001)
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imperfect onset detection considered a filter



IOI Clustering
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Example

We illustrate the tempo induction stage with a short example.
Consider the sequence of five events A, B, C, D, E shown on
the time line in Figure 2. Below the time line, the horizontal
lines with arrows represent each of the inter-onset intervals
between pairs of events, and these lines are labelled with the
name of the cluster to which they are assigned. Five clusters
are created, denoted C1, C2, C3, C4 and C5, with C1 = {AB,
BC, DE}, C2 = {AC, CD}, C3 = {BD, CE}, C4 = {AD, BE}
and C5 = {AE}. The scores for each cluster are calculated as
follows:

C1.score = 2*3*f(1)+ 2 * f(2) + 2 * f(3) + 2 * f(4)+ f(5) = 49
C2.score = 3 * f(2) + 2 *2 * f(1) + 0 + 2 * f(2) + 0 = 40
C3.score = 3 * f(3) + 0 + 2 *2 * f(1) + 0 + 0 = 29
C4.score = 3 * f(4) + 2 * f(2) + 0 + 2 *2 * f(1) + 0 = 34
C5.score = 3 * f(5) + 0 + 0 + 0 + 2 *1 * f(1) = 13

Therefore the clusters are ranked in the following order: C1,
C2, C4, C3, C5.

Beat tracking

The beat tracking architecture

The tempo induction algorithm computes the approximate
inter-beat interval, that is, the time between successive beats,
but does not calculate the beat times. In Figure 2, for
example, one hypothesis might be that C2 represents the
inter-beat interval, but it does not determine whether events
A, C and D are beat times or whether B, E and the midpoint
of BE are beat times. That is, tempo induction calculates the
beat rate (frequency), but not the beat time (phase).

In order to calculate beat times, a multiple hypothesis
search is employed, with an evaluation function selecting the
hypothesis that fits the data best. Each hypothesis is handled
by a beat tracking agent, which is able to predict beat times
and match them to rhythmic events, adjust its hypothesis of
the current beat rate and phase, create a new agent when there
is more than one reasonable path of action, and cease opera-
tion if it is found to be duplicating the work of another agent.

Each agent is characterised by its state and history. The
state is the agent’s current hypothesis of the beat frequency

and phase, and the history is the sequence of beat times
selected to date by the agent. The agents can also assess their
performance, by evaluating the goodness of fit of the track-
ing decisions to the data.

The system is designed to track smooth changes in tempo
and small discontinuities; the choice of a single best agent
based on its cumulative score for beat tracking the whole
piece means that a piece which changes its basic tempo sig-
nificantly will not be tracked correctly. In future work we
plan to examine a real time approach to beat tracking, using
an incremental tempo induction algorithm; at each point in
time the best agent is chosen based on a combined score for
its tempo and the tracking of music up to that time, thus
allowing sudden changes in tracking behaviour when the pre-
vious best agent ceases to be able to track the data correctly.

The beat tracking algorithm

The beat tracking algorithm is given in full in Figure 3. This
algorithm is now explained in detail, with reference to the
example shown in Figure 4.

Initialisation

For each hypothesis generated by the tempo induction phase,
a group of agents are created to track the piece at this tempo.
Based on the assumption that at least one event in the initial
section of the music coincides with a beat time (normally
there will be many events satisfying this condition), an agent
is created for each event in the initial section, with its first
beat time coinciding with that of the respective event. Using
this approach, it is usually the case that there is an agent that
begins with the correct tempo and phase.

The initial section, as defined by the constant Startup-
Period in the algorithm, was set to be the first 5 seconds of
the music. In some cases, for example when a piece has a
free-time introduction, it is possible that no agent starts with
the correct tempo and phase. However, an agent with approx-
imately the correct tempo will be able to adjust its tempo and
phase in order to synchronise with the beat.

In Figure 4, a simplified example illustrates the operation
of the beat tracking algorithm. The rhythmic events (denoted
A, B, C, D, E and F) are represented on the time line at the
top of the figure. The beat tracking behaviour of each agent
is represented by the horizontal lines connecting filled and
hollow circles. The filled circles represent beat times which
correspond to a rhythmic event, and the hollow circles are
beat times which were interpolated because no rhythmic
event occurred at that time.

The figure illustrates 2 tempo hypotheses from the tempo
induction stage. The faster tempo, with an inter-beat interval
approximately equal to the time interval between events A
and B, is the tempo hypothesis of Agent 1. The slower tempo,
with inter-beat interval approximately equal to the interval
between C and D, is the tempo hypothesis of the other agents.
For the initialisation stage, assume that only events A and B

Time
Events

IOI’s

A B C D E

C1 C1 C2 C1

C2

C3

C3

C4

C4

C5

Fig. 2. Clustering of inter-onset intervals (IOI’s).
(Dixon 2001)
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Define IOI
Overlapping
Clusters C1, C2, C3, C4, C5 of similar IOI length



Agents

Clusters become hypotheses

Agents created for each hypothesis

Predict

Evaluate

(Dixon 2001)

33



Beat Tracking with and without 
Drums

Onsets

Chord Changes

Drum Patterns

(Goto 2001)
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Onset Detection in Context
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Audio-based real-time beat tracking 161

extractingmusicalelementsfromaudiosignals,andthe inverse
model of indicating the beat structure (Fig. 3). The three issues
raised in the Introduction are addressed in this beat-tracking
model as described in the following three sections.

3.1 Model of extracting musical elements: detecting 
beat-tracking cues in audio signals

In the model of extracting musical elements, the following
three kinds of musical elements are detected as the beat-
tracking cues:

1. Onset times
2. Chord changes
3. Drum patterns

As described in Section 3.2, these elements are useful when
the hierarchical beat structure is inferred. In this model, onset
times are represented by an onset-time vector whose dimen-
sions correspond to the onset times of different frequency
ranges. A chord change is represented by a chord-change pos-
sibility that indicates how much the dominant frequency com-
ponents included in chord tones and their harmonic overtones
change in a frequency spectrum. A drum pattern is represented
by the temporal pattern of a bass drum and a snare drum.

These elements are extracted from the frequency spec-
trum calculated with the FFT (1024 samples) of the input 
(16 bit/22.05 kHz) using the Hanning window. Since the
window is shifted by 256 samples, the frequency resolution
is consequently 21.53 Hz and the discrete time step (1 frame-
time3) is 11.61ms. Hereafter p(t, f ) is the power of the spec-
trum of frequency f at time t.

3.1.1 Onset-time vector

The onset-time vectors are obtained by an onset-time vec-
torizer that transforms the onset times of seven frequency

ranges (0–125 Hz, 125–250Hz, 250–500Hz, 0.5–1kHz, 1–
2 kHz, 2–4kHz, and 4–11 kHz) into seven-dimensional
onset-time vectors (Fig. 4). This representation makes it pos-
sible to consider onset times of all the frequency ranges at
the same time. The onset times can be detected by a fre-
quency analysis process that takes into account such factors
as the rapidity of an increase in power and the power present
in nearby time-frequency regions as shown in Figure 5 (Goto
& Muraoka, 1999). Each onset time is given by the peak time
found by peak-picking4 in a degree-of-onset function D(t) =
Sfd(t, f ) where

(1)

(2)PrevPow p t f p t f= -( ) - ±( )( )max , , , .1 1 1

d t f

p t f p t f evPow

p t f evPow,

max , , ,
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( ) +( )( ) -

( ) +( )( ) >( )
( )

Ï
Ì
Ô
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1

0
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otherwise

in performers’ brains

g
  the beat structure

hierarchical beat structure

musical elements

  processes of musical
 sound production and
 acoustic transmission

B
ea

t-
Tr

ac
ki

ng
 M

od
el

inferred

   inverse model of
         indicating
  the beat structure

model of extracting
 musical elements

musical elements

hierarchical beat structure

audio signals

Fig. 3. Beat-tracking model.

3 The frame-time is the unit of time used in this system, and the 
term time in this paper is the time measured in units of the frame-
time.

Fig. 4. Examples of a frequency spectrum and an onset-time
vector sequence.

t
t-1

t+1
f+1

f
f-1

p(t,f)

p(t,f)

p(t+1,f)

p(t+1,f) time
frequency

power

PrevPow

PrevPow

Fig. 5. Extracting an onset component.

4 D(t) is linearly smoothed with a convolution kernel before its peak
time is calculated.

(Goto 2001)
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f are bands
t are frames
prevpow - power spectrum of previous frame in same and neighboring bands
p(t+1,f) is the same band in the next frame



Drum Patterns

Bass drum - low frequency

Snare drum - broadband

Find patterns

Metrical structure

(Goto 2001)
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Holistic Beat Tracking

Holistic - metrical structure

Simple initial hypothesis

Self-similarity matrix

Islands of Tempo

  
 

 6 

At some point, islands will begin to overlap. 
Overlapping islands are merged by consolidating their 
period vectors. Ideally, islands will meet on an exact 
measure boundary, but this does not always happen in 
practice. To avoid large discontinuities, one of the vectors 
is shifted by some integer number of beats so that the 
vectors are maximally consistent at their meeting point. 
When the vectors are merged, beat times are preserved 
and it is assumed that gradient descent will fix any 
remaining inconsistencies. 

similar sections of music

initial island new island   

Figure 4. New islands are created when parts of an 
existing island are similar to music elsewhere in the song. 
This allows for the computation and evaluation of 
structural consistency as part of the beat-tracking 
process. 

Since islands never grow smaller, the algorithm 
eventually terminates with one island covering the entire 
song. At this point, all beat times are determined from the 
single remaining period vector and time origin t0. 

5.3 Implementation. 

The HFC feature extraction is implemented in Nyquist 
[14], and the structure analysis is implemented in Matlab, 
while the beat tracking algorithms are implemented in 
C++. Nyquist is then used to synthesize “tap” sounds and 
combine these with the original songs for evaluation. The 
total CPU time to process a typical popular song is on the 
order of a few minutes. Using a compiled language, C++, 
for the gradient-descent beat tracking algorithms is 
important for speed, but other language choices were just 
for convenience. 

The beat tracking program logs the current period 
vector and other information so that when the 
computation completes, the user can display a plot of the 
warped and windowed beat pattern(s) against the expected 
beat events. The user can then visualize the iterative 
search and optimization by stepping forward or backward 
in time, and by zooming in or out of various regions of the 
song. This feature proved invaluable for debugging and 
verifying the behaviour of the program. 

6 EVALUATION 
Since beats are a perceptual construct, there is no 
absolutely objective way to determine where beats occur. 
Some listeners may perceive the tempo to be twice or half 
the rate of other listeners. Furthermore, if the tempo is 
slightly fast or slow, it will appear to be correct almost 
half the time, as estimated beats go in and out of phase 
with “true” beats.  

For this study, the goal is to compare beat tracking 
performance with and without the use of structural 
consistency. To evaluate beat tracking, the beat-tracker 
output is used to synthesize audio “taps,” which are mixed 
with the original song. The audio mix is then auditioned 
and subjective judgements are made as to when the beat 
tracker is following the beat and when it is not. Tapping 
on the “upbeat” and/or tapping at twice or half the 
preferred rate are considered to be acceptable; however, 
tapping at a slightly incorrect tempo, causing beats to drift 
in and out of phase (which is a common mode of failure) 
is not acceptable even though many predicted beats will 
be very close to actual (perceived) beats. Beat tracking is 
rated according to the percentage of the song that was 
correctly tracked, and percentages from a number of songs 
are averaged to obtain an overall performance score. 
Although human judgement is involved in this evaluation, 
the determination of whether the beat tracker is actually 
tracking or not seems to be quite unambiguous, so the 
results are believed to be highly repeatable. 

Sixteen (16) popular songs were tested. Using the basic 
beat tracking algorithm without structural consistency, 
results ranged from perfect tracking through the entire 
song to total failure. The average percentage of the song 
correctly tracked was 30%. With structural consistency, 
results also ranged from perfect to total failure, but the 
number of almost perfectly tracked songs (> 95% correct) 
doubled from 2 to 4, the number of songs with at least 
85% correctly tracked increased from 2 to 6, and the 
overall average increased from 30% to 59% (p < 0.0034). 
(See Table 1.) 

Table 1. Performance of basic beat tracker and beat 
tracker using music structure information. 

 Basic 
Tracker 

Tracker Using 
Music Structure 

Percentage tracked 30 59 
Number tracked at 
least 95% correct 

2 4 

Number tracked at 
least 85% correct 

2 6 

7 DISCUSSION 
The results are quite convincing that structural 
consistency gives the beat tracker a substantial 
improvement. One might expect that similar music would 
cause the beat tracker to behave consistently anyway, so it 
is surprising that the structural consistency information 
has such a large impact on performance. However, one of 
the main problems with beat tracking in audio is to locate 
the “likely beat events” that guide the beat tracker. Real 
data is full of sonic events that are not on actual beats and 
tend to distract the beat tracker. By imposing structural 
consistency rules, perhaps “random” events are averaged 

(Dannenberg 2005)
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Self-Similarity Matrix
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account more likely beat events that now fall within the 
wider window. This alternation between widening the 
window and gradient descent continues until the window 
covers the entire song. 

3.4 Beat tracking performance. 

As might be expected, this algorithm performs well when 
beats are clear and there is a good correspondence 
between likely beat events and the “true” beat. In practice, 
however, many popular songs are full of high frequency 
content from drums, guitars, and vocals, and so there are 
many detected events that do not correspond to the beat 
pattern. This causes beat tracking problems. In particular, 
it is fairly common for the tempo to converge to some 
integer ratio times the correct tempo, e.g. 4/3 or 5/4. This 
allows the beat pattern to pick up some off-beat accents as 
well as a number of actual downbeat and upbeat events. 

One might hope that the more-or-less complete search 
of tempi and offsets used to initialize the beat tracker 
might be used to “force a reset” when the tempo drifts off 
course. Unfortunately, while the best match overall 
usually provides a good set of initial values, the best 
match in the neighbourhood of any given time point is not 
so reliable. Often, it is better not to reset the beat tracker 
when it disagrees with local beat information. 

Human listeners can use harmonic changes and other 
structural information to reject these otherwise plausible 
tempi, and we would like to use structural information to 
improve automatic beat tracking, perhaps in the same 
way. The next two sections look at ways of obtaining 
structure and using structure to guide beat tracking. 

4 STRUCTURAL ANALYSIS 
Previous work on structural analysis identified several 
approaches to music analysis. [10] This work aimed to 
find “explanations” of songs, primarily in the form of 
repetition, e.g. a standard song form is AABA. For this 
study, I use the chroma vector representation [11], which 
is generally effective for the identification of harmony and 
melody. [12] The chroma vector is a projection of the 
discrete Fourier transform magnitude onto a 12-element 
vector representing energy at the 12 chromatic pitch 
classes. [13] 

A self-similarity matrix is constructed from chroma 
vectors and a distance function: every chroma frame is 
compared to every other chroma frame. Within this 
matrix, if music at time a is repeated at time b, there will 
be roughly diagonal paths of values starting at locations 
(a, b) and (b, a), representing sequences of highly similar 
chroma vectors and extending for the duration of the 
repetition. (See Figure 2.) 

In many cases, it is possible to determine a good 
“explanation” that covers the entire song, e.g. ABABCA. 
One can imagine inferring the length of sections, e.g. 8 or 

16 measures, and this could be extremely helpful for beat 
tracking. However, not all songs have such a clear 
structure, and we cannot make such strong assumptions. 
For this study, only the paths in the similarity matrix are 
used, but even this small amount of structural information 
can be used to make large improvements in beat-tracking 
performance. 

b

b

a

a

 
Figure 2. Paths of high similarity in the similarity 
matrix. Sections starting at a and b in the music are 

similar. 

5 BEAT TRACKING WITH STRUCTURE 
When two sections of music are similar, we expect them 
to have a similar beat structure. This information can be 
combined with the two previous heuristics: that beats 
should coincide with likely beat events and tempo 
changes should be smooth.  

The structure analysis finds similar sections of music 
and an alignment, as shown in Figure 2. The alignment 
path could be viewed as a direct mapping from one 
segment to the other, but an even better mapping can be 
obtained by interpolating over multiple frames. Therefore, 
to map from time t in one segment to another, a least-
squares linear regression to the nearest 5 points in the 
alignment path is first computed. Then, the time is 
mapped according to this line. 

But how do we use this mapping? Note that if beat 
structures correspond, then mapping from one segment to 
another and advancing several beats should give the same 
result as advancing several beats and then mapping to the 
other segment.1 The formalization of this “structural 
consistency” is now described. 

5.1 Computing Structural Consistency. 

The “structural consistency” function is illustrated in 
Figure 3 and will be stated as Equation 9. The roughly 
diagonal line in the figure represents an alignment path 
between two sections of music starting at a and b. (Note 
                                                           
1 We could state further that every beat in one segment should map 
directly to a beat in a corresponding segment, but since alignment may 
suffer from quantization and other errors, this constraint is not enforced. 
Future work should test whether this more direct constraint is effective. 

(Dannenberg 2005)
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Perceptual Beat Analysis

human listeners. Further, empirical studies of the use of vari-

ous filterbanks with this algorithm have demonstrated that

the algorithm is not particularly sensitive to the particular

bands or implementations used; it is expected that psychoa-

coustic investigation into rhythmic perception of amplitude-

modulated noise signals created with the various vocoder

filterbanks would confirm that the same is true of human

rhythmic perception.

The filterbank implementation in the algorithm has six

bands; each band has sharp cutoffs and covers roughly a

one-octave range. The lowest band is a low-pass filter with

cutoff at 200 Hz; the next four bands are bandpass, with

cutoffs at 200 and 400 Hz, 400 and 800 Hz, 800 and 1600

Hz, and 1600 and 3200 Hz. The highest band is high pass,

with cutoff frequency at 3200 Hz. Each filter is implemented

using a sixth-order elliptic filter, with 3 dB of ripple in the

passband and 40 dB of rejection in the stopband. Figure 4

shows the magnitude responses of these filters.

The envelope is extracted from each band of the filtered

signal through a rectify-and-smooth method. The rectified

filterbank outputs are convolved with a 200-ms half-Hanning

!raised cosine" window. This window has a discontinuity at
time t!0, then slopes smoothly away to 0 at 200 ms. It has
a low-pass characteristic, with a cutoff frequency at about 10

Hz !‘‘frequency’’ in this case referring to envelope spectra,
not waveform spectra", where it has a "15 dB response, and
6-dB/octave smooth rolloff thereafter.

The window’s discontinuity in time means that it has

nonlinear phase response; it passes slow envelope frequen-

cies with much more delay than rapid ones. High frequen-

cies, above 20 Hz, are passed with approximately zero delay;

0 Hz is delayed about 59 ms and 7 Hz advanced about 14

ms. Thus there is a maximum blur of about 73 ms between

these envelope frequencies.

This window performs energy integration in a way simi-

lar to that in the auditory system, emphasizing the most re-

cent inputs but masking rapid modulation; Todd !1992" ex-
amines the use of temporal integration filters which are

directly constructed from known psychoacoustic properties.

After this smoothing, the envelope can be decimated for fur-

ther analysis; the next stages of processing operate on the

decimated band envelopes sampled at 200 Hz. There is little

energy left in the envelope spectra at this frequency, but it

aids the phase-estimation process !see below" to maintain a
certain precision of oversampled envelope resolution.

After calculating the envelope, the first-order difference

function is calculated and half-wave rectified; this rectified

difference signal will be examined for periodic modulation.

The derivative-of-envelope function performs a type of onset

filtering process !see, for example, Smith’s work on

difference-of-Gaussian functions for onset segmentations

Smith, 1994" but the explicit segmentation, thresholding, or
peak-peaking of the differenced envelope is not attempted.

The subsequent modulation detectors in the algorithm are

sensitive, similar to the sensitivity of autocorrelation, to

‘‘imperfections’’ in an onset track. The half-wave rectified

envelope difference avoids this pitfall by having broader !in
time" response to perceptual attacks in the input signal. This
process might be considered similar to detecting onset points

in the signal bands, and then broadening them via low-pass

filtering.

FIG. 3. Schematic view of the processing algorithm. See text for details.

FIG. 4. Magnitude response of the frequency filterbank used in the system,

plotted in two pieces for clarity. The upper plot shows the first, third, and

fifth bands; the lower, the second, fourth, and sixth. Each filter is a sixth-

order elliptic filter, with 3 dB of passband ripple and 40 dB of stopband

rejection.

591 591J. Acoust. Soc. Am., Vol. 103, No. 1, January 1998 Eric Scheirer: Beat-tracking acoustic signals
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Perceptual Bayesian

Rhythm Tracks

Bayesian Analysis or Gradient Descent

(Sethares et al. 2005)
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Particle Filters used for approximating intractable bayesian analysis



Evaluation

No common corpus

No ground truth

Confounding comparisons, e.g. viola/violin

(Temperley 2004)
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What?

Transcription

Chords

Inform holistic approaches
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Holistic approaches like Dannenberg 2005 which we have just seen
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Rule-based

Probabalistic/Learning
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Transcription

Just pick the frequencies from the spectrum, 
right?
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Transcription
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Complex and changing timbre

Noise
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Autocorrelation

p(t,r) = (f(t) +f(t + r) +f(t + 2•) 

+..f[t+ (N-- 1 

is the periodic function having period r which best approxi- 
matesf (t) over the interval Nr in the mean-square sense. If 
we consider the difference 

E(r) = {If(t) --p(t,r) ]2), (2) 

then E(r) will have minima for r equal to multiples of the 

period if f (t) is a periodic function. The average over time 
indicated by the angle brackets is taken over a time equal to 
or greater than r. Again we normalize so that the function 
varies from 0 to 1. 

In the discussion that follows, we will refer to calcula- 

tions with Eq. (2) as those of inverted autocorrelation. • 

Where necessary for distinction, calculations using Eq. ( 1 ) 
will be referred to as "erect" or standard autocorrelation. 

Within each of these categories, the calculations with N = 2 
will be called conventional, and those with N> 2 will be 

called "narrowed." 

An important property of musical sounds is that, for the 

most part, they have harmonic spectral components. The 
consequence for the autocorrelation function is that one of 

the peaks of each of the higher components occurs at lhe 

same position as that of the fundamental. For example, the 

second harmonic has a period equal to half of the fundamen- 

tal so its peaks occur at T/2, 2(T/2), 3( T/2)... and so on. 

The second peak of the second harmonic, then, will coincide 

with the first peak of the fundamental with similar reasoning 

for the other harmonics. Thus a large peak corresponding to 
the sum of all spectral components should occur at the peri- 
od of the fundamental (and all integral multiples of the peri- 
od of the fundamental). This is the property that makes the 
method of autocorrelation appear to be a good one for fre- 
quency tracking of musical signals. This property, of course, 
also holds true for the valleys for the inverse autocorrelation 
of Eq. (2). 

II. CALCULATIONS 

Examples of the conventional and narrowed autocorre- 

lation functions for scales played by a piano, a violin, and a 

flute are shown in Figs. 1-6. Each curve is a 200-point auto- 
correlation function of sound from acoustic instruments 

sampled at 32 000 samples per second. An average is taken 
over 500 samples so each curve represents approximately 15 

ms of sound. The time in the sound is given on they axis with 

the autocorrelation time in samples on the x axis. Equation 
( 1 ) was used for these calculations with N = 2 for the con- 

ventional autocorrelation and N = 5 for the narrowed auto- 

correlation. Examples calculated for the inverted autocorre- 

lation function with Eq. (2) are not included. 

The piano sound analyzed in Figs. I and 2 was from a 9- 

foot Bosendorfer which radiated surprisingly little energy in 

the higher harmonics. Since the peak widths are proportion- 

al to the period, a sound with higher harmonics present will 
have an innately narrow peak. As this is not the case here, 

this piano sound represents a good case to see the effect of 

1.2 

1.6 

AUTOCO R ELATION TIME (SAMPLES) 

FIG. 1. Conventional autocorrelation for a C major piano scale over several octaves. This portion is from F3 to E5. 
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2.2. TRANSCRIPTION CHAPTER 2. PITCH

simultaneous notes of a single instrument, like a piano). Identifying pitches
precisely does not seem to be important to the enjoyment of music, although
the correct performance of them is.

Perhaps it seems strange then that people hope and even expect to be able
to do automatic transcription of arbitrary music using a computer. Perhaps
it is exactly because this is difficult for us to do, and yet we see a simple
if naïve approach: if you can recognize the fundamental frequency of notes
then you can just keep track of when which note is sounding and you have
transcription! Unfortunately in the real world it is not so easy. In the presence
of complex and changing timbre, signal noise, and the spectral confusion due
to polyphonic music (music with more than one sounding note at a time), the
problem becomes very difficult.

Plumbley et al. [PAB+02] describe the approaches they have taken for the
transcription problem. They recognize two classes of approaches: knowledge-
based models and learning models. In a knowledge-based model, knowledge
such as the physics of vibrating instruments is used to analyze the signal
and answer questions. In a learning model, machine learning techniques are
applied to adapt adjustable parameters in a system that allows us to extract
knowledge from a system, e.g. the frequency content and volume of each note
at each time. Machine learning approaches also use some knowledge about
the music generation process, often called prior knowledge. The two overlap
somewhat, differing primarily in the presence of parameters that are learned
from given data.

Plumbley et al. describe a monophonic transcription system that uses au-
tocorrelation together with onset detection and pitch quantization (to MIDI
pitch numbers). Autocorrelation is a time-domain technique to detect repe-
tition in the audio signal. The signal is divided into frames of size N, and
autocorrelation is calculated as

rxx(n) =
1
N

N−n−1

∑
t=1

x(t)x(t + n).

Autocorrelation measures similarity between shifted versions of the wave-
form. The delay corresponding to the highest peak gives the period of the
waveform, i.e. the pitch of the fundamental frequency.

Brown and Zhang discuss a monophonic transcription system in [BZ91] that
uses "narrowed" autocorrelation instead of the traditional autocorrelation. The
narrowed autocorrelation function is presented in [BP89] by Brown and Puck-
ette. Narrowed autocorrelation is defined as

SN(τ)2 = 〈| f (t) + f (t − τ) + f (t − 2τ) + · · · + f (t − (N − 1)τ)|2〉

Where it would seem that the notation 〈|x|2〉 designates the inner product of
x with x, i.e. 〈x, x〉. In the case of N = 2, we have traditional autocorrelation.
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Narrowed Autocorrelation

AUTOCO R ELATION TIM E (SAMPLES) 

FIG. 2. Narrowed autocorrelation for the sams piano sound as that of Fig. 1. 

AUTOCO R ELATION TIME (SAMPLES) 

200 

FIG. 3. Conventional autocorrelation of a flute scale from C3 to C5. 
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2.2. TRANSCRIPTION CHAPTER 2. PITCH

simultaneous notes of a single instrument, like a piano). Identifying pitches
precisely does not seem to be important to the enjoyment of music, although
the correct performance of them is.

Perhaps it seems strange then that people hope and even expect to be able
to do automatic transcription of arbitrary music using a computer. Perhaps
it is exactly because this is difficult for us to do, and yet we see a simple
if naïve approach: if you can recognize the fundamental frequency of notes
then you can just keep track of when which note is sounding and you have
transcription! Unfortunately in the real world it is not so easy. In the presence
of complex and changing timbre, signal noise, and the spectral confusion due
to polyphonic music (music with more than one sounding note at a time), the
problem becomes very difficult.

Plumbley et al. [PAB+02] describe the approaches they have taken for the
transcription problem. They recognize two classes of approaches: knowledge-
based models and learning models. In a knowledge-based model, knowledge
such as the physics of vibrating instruments is used to analyze the signal
and answer questions. In a learning model, machine learning techniques are
applied to adapt adjustable parameters in a system that allows us to extract
knowledge from a system, e.g. the frequency content and volume of each note
at each time. Machine learning approaches also use some knowledge about
the music generation process, often called prior knowledge. The two overlap
somewhat, differing primarily in the presence of parameters that are learned
from given data.

Plumbley et al. describe a monophonic transcription system that uses au-
tocorrelation together with onset detection and pitch quantization (to MIDI
pitch numbers). Autocorrelation is a time-domain technique to detect repe-
tition in the audio signal. The signal is divided into frames of size N, and
autocorrelation is calculated as

rxx(n) =
1
N

N−n−1

∑
t=1

x(t)x(t + n).

Autocorrelation measures similarity between shifted versions of the wave-
form. The delay corresponding to the highest peak gives the period of the
waveform, i.e. the pitch of the fundamental frequency.

Brown and Zhang discuss a monophonic transcription system in [BZ91] that
uses "narrowed" autocorrelation instead of the traditional autocorrelation. The
narrowed autocorrelation function is presented in [BP89] by Brown and Puck-
ette. Narrowed autocorrelation is defined as

SN(τ)2 = 〈| f (t) + f (t − τ) + f (t − 2τ) + · · · + f (t − (N − 1)τ)|2〉

Where it would seem that the notation 〈|x|2〉 designates the inner product of
x with x, i.e. 〈x, x〉. In the case of N = 2, we have traditional autocorrelation.
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Where <|x|^2> seems to mean <x,x> (inner product)
same scale
note logarithmic nature
Neither is suitable for polyphony



Transcription

approaches:

Knowledge-based Blackboard

Multiple-Cause Model

Independent Component Analysis

(Plumbley et al. 2002)
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one octave up, at 200 Hz, then every harmonic of the upper note will

correspond to the even harmonics of the lower note. For example, the

component at 400 Hz will be due to both the second harmonic of the note

at 200 Hz and the fourth harmonic of the note at l00 Hz. In fact, because

the 200 Hz note produces no other frequency components than might be

produced by a 100 Hz note, we will have to use some other information

(such as the energy expected in each harmonic for a particular instru-

ment) to infer the presence of the 200 Hz note.
To integrate these sources of information, and to make inferences

about the likely notes present, we adopted the use of a blackboard system
as used by, for example, Mellinger (1991) and Martin (1996). The outline

of the blackboard system we used (Bello and Sandler 2000) is shown in
Figure 4. The ®rst stage is a signal processing stage, which performs a

time-frequency analysis of the audio signal. There are many possible

approaches here, including the well-known FFT, where we transform

short frames of audio into a representation of the amplitude and phase of

the frequency content of the signal within each frame. Alternative time-

frequency analysis techniques can be used, such as the multiresolution

Fourier transform (MFT), wavelets, and ``ear models’’ built to emulate

the human auditory system. These typically permit ®ner time resolution

(and consequently coarser frequency resolution) at higher frequencies,

where the normal FFT has the same resolution in time and frequency for

all frequency bands, and may help to distinguish note onsets or other fast

changes (Pielemeier, Wake®eld, and Simoni 1996).

The blackboard system proper is a knowledge-based inference engine

that can incorporate information from a variety of sources to produce

hypotheses about (in our case) the notes present in the audio signal. The

blackboard is a hypothesis database upon which initial input obser-

vations are ®rst written. There is also a set of expert agents, or knowledge

sources (KSs) which are able to make inferences about some of the

Figure 4. Outline of polyphonic transcription system based on a blackboard model.
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bars, maybe overlapping, and each pixel in the input image may be

caused by one or more bars being present in the image. The multiple-

cause model is trained by minimizing an error function, such as negative

log likelihood or mean squared error, by adjusting both the underlying

measurements of each cause and the patterns due to each cause.

The multiple-cause model is underdetermined, due to inter-

dependence between the measurements of each cause and the underlying

patterns. Depending on the problem, some form of constraints may need

to be imposed (Charles and Fyfe 1998; Harpur and Prager 1995). For a

musical example, we would expect positive amounts of each underlying

note. On the assumption that notes and instruments were independent

sources, each would then contribute an approximately positive amount to

the received spectrum.

Arti®cial Spectra. As an initial step, we next applied the multiple-cause

model to arti®cial spectra produced from synthesized sounds (Klingseisen

and Plumbley 2000). We ®rst tested the ability to separate spectra from

different notes of the same instrument. We used linear mixtures of

spectra, downsampled to 30 bins, of a synthesized clarinet playing one of

8 notes (G3, C4, A3, D4, F4, G4, A4, E4), with a probability of 0.4 of each

spectrum appearing in each mixed pattern. We repeated this for notes

from a synthesized violin and also for an alto recorder: in each case

presentation of about 800 training patterns were needed for successful

learning. We also explored separation of synthesized spectra of different

Figure 7. Multiple-cause model.
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corresponding outputsÐ the label on the right-hand side indicates the

closest instrument=note. Also, some of the ¯ute B4 (input 9) is still mixed

with the clarinet B4b (input 3), with the attack phase of the ¯ute being

picked up by the clarinet output. This dif®culty may be due to the re-

latively pure waveforms, and therefore dominant fundamentals , that

these instruments have, although more investigation is needed to con®rm

this.

While this multiple-cause model does not yet give us a quality of

analysis that we would need for accurate transcription, the concepts it

embodies do crop up again in the approach we describe at the end of this

article. However, before we go on to describe this, we will discuss some of

the concepts and technology in blind source separation that we have used

elsewhere, and that will form part of our ®nal polyphonic transcription

method.

BLIND SOURCE SEPARATION AND INDEPENDENT
COMPONENTANALYSIS

So far we have concentrated on the transcription problem of analyzing a

musical audio signal, normally a single channel, to reveal the underlying

notes that caused the signal that was observed. Another task we are in-

vestigating is the problem of separating out the sounds from several

sources, when more than one observed signal (microphone) is available.

This is sometimes called the cocktail party problem, after the apparent

Figure 8. Results of multiple-cause model separation of audio sounds.
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(including knowing whether our estimate is an inverted version of the

source), nor can we tell in which order they originally appeared. In many

cases, this latter issue, the so-called permutation problem, does not really

matter, but it can be important if we are considering several linked

problems where the relative order is critical.

Convolutive Mixing

In realistic auditory environments, room acoustics can introduce delays,

echoes, and reverberation, leading to convolutive mixing of the sources

on their way to the microphones (Figure 11). We can either view this

mixing in the time domain, as x…t† ˆ
P

t A…t†s…t ¡ t† or in the frequency

Figure 10. A typical ICA procedure (a) takes the original data, (b) performs a whitening

stage to remove covariances, and ®nally (c) rotates the data axes to produce the independent

outputs.

Figure 11. Convolutive mixing: the observations are composed of various delayed versions

of the original sources, which we can consider to be ®ltered versions of the original sources.
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Figure 13. Polyphonic transcription of extract of Bach: Partita, showing (a) input spectro-

gram and (b) output note activations, which are visibly sparser than the input. The note

shapes (c), which had to be ordered manually, clearly show the harmonic structure, except

for the notes above 43 which probably represent transitions.
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Figure 13. Polyphonic transcription of extract of Bach: Partita, showing (a) input spectro-

gram and (b) output note activations, which are visibly sparser than the input. The note

shapes (c), which had to be ordered manually, clearly show the harmonic structure, except

for the notes above 43 which probably represent transitions.
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Generative Model for 
Transcription

Graphical (dynamical) model

Bayesian Network

Models sound generation

Kalman

6

Fig. 1. A damped oscillator in state space form. Left: At each time step, the state vector s rotates by ω and its length becomes

shorter. Right: The actual waveform is a one dimensional projection from the two dimensional state vector. The stochastic

model assumes that there are two independent additive noise components that corrupt the state vector s and the sample y, so

the resulting waveform y1:T is a damped sinusoid with both phase and amplitude noise.

damping factor 0 ≤ ρt ≤ 1 specifies the rate at which st contracts to 0. See Figure 1 for an example.

The transition noise variance Q is used to model deviations from an entirely deterministic linear model.

The observation noise variance R models background noise.

In reality, musical instruments (with a definite pitch) have several modes of oscillation that are roughly

located at integer multiples of the fundamental frequency ω. We can model such signals by a bank of

oscillators giving a block diagonal transition matrix At = A(ω, ρt) defined as




ρ(1)
t B(ω) 0 . . . 0

0 ρ(2)
t B(2ω)

...

...
. . . 0

0 . . . 0 ρ(H)
t B(Hω)




(5)

where H denotes the number of harmonics, assumed to be known. To reduce the number of free

parameters we define each harmonic damping factor ρ(h) in terms of a basic ρ. A possible choice is

to take ρ(h)
t = ρh

t , motivated by the fact that damping factors of harmonics in a vibrating string scale

approximately geometrically with respect to that of the fundamental frequency, i.e. higher harmonics

decay faster [30]. A(ω, ρt) is the transition matrix at time t and encodes the physical properties of the

sound generator as a first order Markov Process. The rotation angle ω can be made time dependent for

modelling pitch drifts or vibrato. However, in this paper we will restrict ourselves to sound generators

that produce sounds with (almost) constant frequency. The state of the sound generator is represented by

st, a 2H dimensional vector that is obtained by concatenation of all the oscillator states in (2).

B. From Piano-Roll to Microphone

A piano-roll is a collection of indicator variables rj,t, where j = 1 . . . M runs over sound generators

(i.e. notes or “keys” of a piano) and t = 1 . . . T runs over time. Each sound generator has a unique

fundamental frequency ωj associated with it. For example, we can choose ωj such that we cover all

January 19, 2004 DRAFT
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Bayesian Network
8

M

rj,1 rj,2 . . . rj,t

sj,1 sj,2 . . . sj,t

yj,1 yj,2 . . . yj,t

y1 y2 . . . yt

Fig. 3. Graphical Model. The rectangle box denotes “plates”, M replications of the nodes inside. Each plate, j = 1, . . . , M

represents the sound generator (note) variables through time.

2) Piano-Roll : Onsets: At each new onset, i.e. when (rj,t−1 = mute) → (rj,t = sound), the old

state st−1 is “forgotten” and a new state vector is drawn from a Gaussian prior distribution N (0, S).

This models the energy injected into a sound generator at an onset (this happens, for example, when

a guitar string is plucked). The amount of energy injected is proportional to the determinant of S and

the covariance structure of S describes how this total energy is distributed among the harmonics. The

covariance matrix S thus captures some of the timbre characteristics of the sound. The transition and

observation equations are given by

isonsetj,t = (rj,t−1 = mute ∧ rj,t = sound) (7)

Aj,t = [rj,t = mute]Amute
j + [rj,t = sound]Asound

j (8)

sj,t ∼ [¬isonsetj,,t]N (Aj,tst−1, Q) + [isonsetj,t]N (0, S) (9)

yj,t ∼ N (Csj,t, R) (10)

In the above, C is a 1 × 2H projection matrix C = [1, 0, 1, 0, . . . , 1, 0] with zero entries on the even

components. Hence yj,t has a mean being the sum of the damped harmonic oscillators. R models the

variance of the noise in the output of each sound generator. Finally, the observed audio signal is the

superposition of the outputs of all sound generators,

yt =
∑

j

yj,t (11)

The generative model (6)-(11) can be described qualitatively by the graphical model in Figure 3.

Equations (10) and (11) define p(y1:T |s1:M,1:T ). Equations (6) (8) and (9) relate r and s and define

p(s1:M,1:T |r1:M,1:T ). In this paper, the prior model p(r1:M,1:T ) is Markovian and will be defined in the

following sections.

January 19, 2004 DRAFT

P (r|y) ∝ P (y|r)P (r)
(Cemgil et al. 2004)
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Predict from state + piano roll
M plates (j=1..M), one for each sound generator
time t
r for roll, s for state
sum sound generators together at each sample to get y
P(y|r) from the generative model (Kalman filter used to find hidden states in box)
P(r) prior can incorporate musical knowledge
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For sung melodies

Joint model of pitch, rhythm, tempo, segmentation

Event List as a Markov Chain

Optimal parameters of model via dynamic programming
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(Raphael 2005)
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Markov Chain

Sequence of Random Variables

Given present, future is independent of past

i.e. only need the last observation

(Raphael 2005)
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problem of isolating repeated musical structures in an audio
waveform. We make use of a pattern recognition framework for
audio streams, in which the signal is segmented into frames and
each frame is described by a set of features. The complexity of
the features used varies by application; some commonly used
features are described in [3]. This feature-based approach has
been applied to general sound classification [4], speech/music
discrimination [5], and musical instrument identification [6].
The framework has also been employed for similarity-based
musical content retrieval [7], [8]. Finally, a number of systems
use these techniques to perform automatic segmentation of
audio [9], [10].

This feature-based pattern recognition framework has also
been previously applied to the problem of audio thumbnailing.
The work of Logan and Chu [11], in particular, employs hidden
Markov models and clustering techniques to audio represented
by mel-frequency cepstral coefficients (MFCCs). MFCCs are a
set of perceptually based spectral features that have been used
with great success in speech processing [12]. Foote [13] has sug-
gested audio “gisting” as an potential application for his mea-
sure of audio novelty. This measure is calculated from a simi-
larity matrix, which compares features calculated from different
frames of audio. Though Foote does not specify the use of any
particular set of features, he does recommend the use of MFCCs
for computing audio novelty [14].

Standard pattern recognition methods for audio generally rely
on broad feature classes that describe some aspect of the timbre
or texture of the sound (i.e., brightness, loudness, rate of spectral
variation, etc.) or features that model the spectral response of the
human auditory system for speech applications (like MFCCs).
When dealing with music, however, it is appropriate to use fea-
tures that specifically address the properties of the musical sig-
nals. One of the most salient aspects of musical signals is equiv-
alence of octaves in both melody and harmony. Here, we em-
ploy a novel feature class that uses octave equivalence to rep-
resent the harmony of a signal. This feature class is fundamen-
tally based on the cyclic attribute of pitch perception, known as
chroma.

II. CHROMA AS A CYCLIC REPRESENTATION OF FREQUENCY

In the early 1960s, Shepard reported that two dimensions
rather than one are necessary to represent the perceptual struc-
ture of pitch [15]. He determined that the human auditory
system’s perception of pitch was better represented as a helix
than as a one-dimensional line, and coined the terms tone height
and chroma to characterize the vertical and angular dimensions,
respectively. Fig. 1 shows an illustration of this helix with its
two dimensions. In this representation, as the pitch of a musical
note increases, say from C1 to C2, its locus moves along the
helix, rotating chromatically through all of the pitch classes
before it returns to the initial pitch class (C) one cycle above
the starting point. According to Shepard’s results, the perceived
pitch, , of a signal can be factored into values of chroma,
and tone height as

(1)

Fig. 1. Illustration of Shepard’s helix of pitch perception. The vertical
dimension is tone height, while the angular dimension is chroma.

For this decomposition to be unique, it is sufficient for
and . Linear changes in result in logarithmic changes
in the fundamental frequency associated with the pitch. By di-
viding the interval between 0 and 1 into 12 equal parts, the 12
pitches of the equal-tempered chromatic scale can be obtained.
The implication of Shepard’s representation is that the distance
between two pitches depends on both and , rather than on
alone.

Shepard’s factoring is quite intuitive from a musical perspec-
tive. In Western music, there is a strong tradition of placing
special emphasis on octave relationships between notes of the
musical scale. In fact, music theorists use the terms pitch class
and octave number as analogous to Shepard’s chroma and tone
height. The distinction between pitch class and chroma arises
from the discretization of the continuous range of chroma values
into 12 distinct pitch classes. It is precisely this relationship be-
tween chroma and traditional musical structure that we seek to
exploit in the creation of a chroma-based feature class.

A more radical interpretation of Shepard’s work was pre-
sented in the 1980s by Patterson. In the process of developing
his Auditory Image Model in computational audition, Patterson
generalized Shepard’s results to frequency [16]. Even though he
substituted the Archimedian spiral for Shepard’s helix as a basic
representation of frequency in the auditory system, the mapping
from one dimension to two remains effectively the same. His
pulse-ribbon model transforms each temporal frame of the au-
ditory image into an activity pattern along a spiral of temporal
lags, such that lag values along the same “spoke” of the spiral
are octave multiples of each other. This yields a model for fre-
quency that is structurally equivalent to Shepard’s decomposi-
tion of pitch, such that frequency is also decomposed as

(2)

where we again restrict and . Alternately, we
can calculate chroma from a given frequency using

(3)

where denotes the greatest integer function. Thus, chroma is
simply the fractional part of the base-2 logarithm of frequency.
Similar to ideas of pitch, certain frequencies under this system
share the same chroma class if and only if they are mapped to

(Bartsch 2005)
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Fig. 2. Portion of the chroma features for Jimmy Buffet’s “Margaritaville,”
showing the energy located in each pitch class for each frame.

reassigned chroma values (which are otherwise arbitrary) so that
the pitch class A is centered at a chroma value of 0; then, the
other pitch classes are centered at chroma values of .

Additionally, we restrict the included range of the spectrum.
We set a lower bound at 20 Hz, to correspond with the lower
limit of human hearing. An upper bound is set at 2000 Hz.
This upper bound is chosen for two reasons. First, the critical
bands of the auditory system become broad enough to possibly
admit multiple partial frequencies of a harmonic series, which
some have argued can effect the perception of chroma. Practi-
cally, such a limit is also necessary to prevent the introduction
of biases at higher frequencies. These biases arise because the
pitch classes immediately below the cutoff have more high-fre-
quency (and, almost universally, low amplitude) bins than the
pitch classes immediately above it. This tends to drive the mean
for certain features negative. These biases become visibly ap-
parent in the chroma features between 4000 and 8000 Hz.

Fig. 2 shows a portion of the features calculated for Jimmy
Buffet’s “Margaritaville.” Each chroma feature has been labeled
with its corresponding pitch class. There are a number of in-
teresting observations that can be made regarding this feature
matrix. For instance, one can see a number of chroma features
with relatively strong amplitudes (such as A, , D, E, and ),
as well as several with relatively small amplitudes (such as ,

, and F). This arrangement of tonal energy is quite consistent
with the fact that the song is in the key of D major. Addition-
ally, one can examine the feature vectors themselves and find
that many of the vectors manage to loosely track the harmonic
transitions in the song. Finally, with careful observation we can
visually identify repetitive patterns in the feature vectors of this
matrix. For this section of the song, repeats occur with a lag of
roughly 60 s.

C. Correlation Calculation

The third stage of the algorithm is the calculation of a simi-
larity matrix, . Each element of the similarity matrix is equal
to the correlation between two feature vectors. This provides a

Fig. 3. Similarity matrix for Jimmy Buffet’s “Margaritaville,” showing the
correlation between the features for individual frames of the song.

measure of similarity between the corresponding frames in the
original signal. In particular, the element of is calcu-
lated as

(7)

We note that the diagonals of are lines of constant lag in the
signal. Thus, extended regions of similarity along any diagonal
indicate extended regions of similarity between two portions of
the signal.

The similarity matrix for “Margaritaville,” , is shown in
Fig. 3. Each element of the matrix indicates the correlation
between the chroma vectors for two frames. Here, we can
more clearly see interesting structural information about the
song. Most obvious are the lines of high correlation along
several of the diagonals of the matrix. The main diagonal, as
expected, shows unity correlation under zero lag. There are
also segments of high correlation along different diagonals
of the matrix. These segments indicate repetitions within the
song. The block-like structure of the correlation matrix further
suggests that there is other structure that we might be able to
extract from this matrix. Such an investigation, however, is
beyond the scope of this paper.

D. Correlation Filtering

In the third stage of the algorithm, we calculate the similarity
between extended segments of the original song that are sepa-
rated by a constant lag. This is accomplished by filtering along
the diagonals of the similarity matrix. Also, the resulting matrix,

, is “rotated” so that the diagonals are oriented vertically. This
calculation can be described by the formula

(8)

where is the windowing function that defines the impulse
response of the filter. The element in indicates the
similarity between the segment of the signal beginning at the
frame with the segment beginning at the frame. Thus,

(Bartsch 2005)
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Fig. 2. Portion of the chroma features for Jimmy Buffet’s “Margaritaville,”
showing the energy located in each pitch class for each frame.

reassigned chroma values (which are otherwise arbitrary) so that
the pitch class A is centered at a chroma value of 0; then, the
other pitch classes are centered at chroma values of .

Additionally, we restrict the included range of the spectrum.
We set a lower bound at 20 Hz, to correspond with the lower
limit of human hearing. An upper bound is set at 2000 Hz.
This upper bound is chosen for two reasons. First, the critical
bands of the auditory system become broad enough to possibly
admit multiple partial frequencies of a harmonic series, which
some have argued can effect the perception of chroma. Practi-
cally, such a limit is also necessary to prevent the introduction
of biases at higher frequencies. These biases arise because the
pitch classes immediately below the cutoff have more high-fre-
quency (and, almost universally, low amplitude) bins than the
pitch classes immediately above it. This tends to drive the mean
for certain features negative. These biases become visibly ap-
parent in the chroma features between 4000 and 8000 Hz.

Fig. 2 shows a portion of the features calculated for Jimmy
Buffet’s “Margaritaville.” Each chroma feature has been labeled
with its corresponding pitch class. There are a number of in-
teresting observations that can be made regarding this feature
matrix. For instance, one can see a number of chroma features
with relatively strong amplitudes (such as A, , D, E, and ),
as well as several with relatively small amplitudes (such as ,

, and F). This arrangement of tonal energy is quite consistent
with the fact that the song is in the key of D major. Addition-
ally, one can examine the feature vectors themselves and find
that many of the vectors manage to loosely track the harmonic
transitions in the song. Finally, with careful observation we can
visually identify repetitive patterns in the feature vectors of this
matrix. For this section of the song, repeats occur with a lag of
roughly 60 s.

C. Correlation Calculation

The third stage of the algorithm is the calculation of a simi-
larity matrix, . Each element of the similarity matrix is equal
to the correlation between two feature vectors. This provides a

Fig. 3. Similarity matrix for Jimmy Buffet’s “Margaritaville,” showing the
correlation between the features for individual frames of the song.

measure of similarity between the corresponding frames in the
original signal. In particular, the element of is calcu-
lated as

(7)

We note that the diagonals of are lines of constant lag in the
signal. Thus, extended regions of similarity along any diagonal
indicate extended regions of similarity between two portions of
the signal.

The similarity matrix for “Margaritaville,” , is shown in
Fig. 3. Each element of the matrix indicates the correlation
between the chroma vectors for two frames. Here, we can
more clearly see interesting structural information about the
song. Most obvious are the lines of high correlation along
several of the diagonals of the matrix. The main diagonal, as
expected, shows unity correlation under zero lag. There are
also segments of high correlation along different diagonals
of the matrix. These segments indicate repetitions within the
song. The block-like structure of the correlation matrix further
suggests that there is other structure that we might be able to
extract from this matrix. Such an investigation, however, is
beyond the scope of this paper.

D. Correlation Filtering

In the third stage of the algorithm, we calculate the similarity
between extended segments of the original song that are sepa-
rated by a constant lag. This is accomplished by filtering along
the diagonals of the similarity matrix. Also, the resulting matrix,

, is “rotated” so that the diagonals are oriented vertically. This
calculation can be described by the formula

(8)

where is the windowing function that defines the impulse
response of the filter. The element in indicates the
similarity between the segment of the signal beginning at the
frame with the segment beginning at the frame. Thus,

(Bartsch 2005)
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Rule-based
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considerations

(Shenoy and Wang 2005)
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Many simplifying assumptions made (4/4, replacing chords willy-nilly), but performs promisingly



Conclusion

Monophonic is workable

Polyphonic is hard

Probabalistic/Learning methods more robust
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Timbre
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What?

Instrument Identification/Classification

Instrument Separation

Genre Classification
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How?

Overwhelmingly by Machine Learning

Some rule-based systems
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Machine Learning
71



Learning Cycle

Observation

Action

Evaluation

Adjustment
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Problem Formulation

Important!

Sufficient and representative data

Evaluable and useful task

Proper Evaluation, ensure generalization
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Instrument Identification

Monophonic or Polyphonic

Single note or whole passages
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Synonyms recognition and classification, though the latter implies categorization or may be 
unsupervised



Steps

Extract Features

Apply Classifiers

Select Relevant Features/Classifiers
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Features
Amplitude

Energy

Zero-Crossing Rate

Frequency

Spectral Shape

Harmonics

Inharmonics

Cepstral Coefficients

Bark, ERB

Correlogram
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Amplitude

Attack, Decay, Sustain, Release

Volume

3.1. FEATURES CHAPTER 3. TIMBRE

while other features are more relevant for other instruments. Even the lis-
tener (or microphone) position can influence timbre, as evidenced in [SOŠ03],
where they objectively and subjectively evaluated the difference in timbre of
the pipe organ according to where the listener is in the hall. They found the
differences to be substantial.

I cannot hope to enumerate all of the myriad features, but we will look at a
representative subset.

Amplitude
2008-05-03 14:03ADSR_Envelope_Graph.svg

Page 1 of 1file:///Users/fugalh/Desktop/comps/figures/ADSR_Envelope_Graph.svg

Time

A D S R

Figure 3.3: ADSR Envelope (Wikipedia)

The attack phase of a note provides vital cues to the listener. Two instruments
may be very similar in the steady state, and difficult for people to distinguish
in the absence of the attack. This is a well-known effect among electronic
musicians, where a very popular amplitude envelope for sound synthesis is
the piecewise-linear ADSR envelope (attack, decay, sustain, release). Chang-
ing the attack and decay times alone very noticeably changes the perceived
timbre of the instrument.

Unfortunately, attack alone is not enough to characterize an instrument, nor is
it always a reliable feature in and of itself. The attack of many instruments de-
pends on the volume, the manner of playing and even the note being played.

In addition to the envelope of a sound, there are other amplitude cues we
can take. Very loud sounds and very soft sounds are uncharacteristic of some
instruments. The dynamic range of the trumpet is quite different to that of
the bass, for example. Some wind instruments exhibit tremolo, which is the
periodic variation of amplitude (compare with vibrato, which is the periodic
variation in frequency around the core frequency).

Amplitude features are used by [Ero01, HDG03].

In addition to amplitude per se, energy features have been used as well, in-
cluding total energy, harmonic energy, and noise part energy [LR04].
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Frequency

Fundamental (F0)

Range

Vibrato
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Spectral Shape
Centroid

Spread

Flatness

Flux

Skew
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centroid like mean of normal, most popular



Sinusoid Envelopes

3.1. FEATURES CHAPTER 3. TIMBRE

A related technique is to look at how the spectral shape changes as the tone
evolves. During the onset, the spectral shape can indicate the nature of the ini-
tial excitement of the instrument. In the transition between onset and steady
state, the rise rate of the various harmonics can be observed, and this can be
indicative of the instrument. Examining the steady state reveals the harmon-
ics of the note. In order to do this analysis effectively, we need to know the
onset and duration times, or guess from the spectral content of a frame that a
transition has occured.

37

intensity in that band is calculated by multiplying the band-amplitude with the center

frequency of that band. The intensities are decimated by a factor of about 5 ms to ease the

feature computations and smoothed by convolving with a 40 ms half-hanning (raised-cosine)

window. This window preserves sudden changes, but masks rapid modulation. Figure 8

displays intensity versus Bark frequency plots for 261 Hz tones produced by flute and clarinet.

The sinusoid envelope representation is relatively compact but still bears high perceptual

fidelity to the original sound. However, the problem becomes how to reliably measure the fre-

quencies to be tracked. We can use a fundamental frequency estimation algorithm to find the

fundamental frequency of a tone, and then analyze the frequencies equal to the fundamental

and its integer multiples. However, musical sounds are only quasi-harmonic, and errors

unavoidably occur in the process. There exist methods for following the frequencies of partials,

but their description is not relevant in our scope. Another significant source of uncertainty and

errors are the failures in estimating the fundamental frequency. Despite these limitations, this

representation is a useful first attempt towards measuring the time evolution of partials. The

MPEG-7 standard uses a quite similar representation, although the DFT is calculated in frames

[Peeters00], which causes limitations with the feasible time resolution. With regard of future

developments of our system, using a filterbank instead of sinusoid envelopes would be a

simpler and more robust approach.

Calculating features from the representation

Onset asynchrony refers to the differences in the rate of energy development of different

frequency components. The sinusoid envelope representation is used to calculate the intensity

envelopes for different harmonics, and the standard deviation of onset durations for different

harmonics is used as one feature. For the other feature measuring this property, the intensity

envelopes of individual harmonics are fitted into the overall intensity envelope during the onset

period, and the average mean square error of those fits was used as feature. A similar measure

was calculated for the rest of the waveform. The last feature calculated is the overall variation

of intensities at each band.
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Figure 8. Sinusoid envelope representations for flute (left) and clarinet (right), playing the

note C4, 261 Hz.Figure 3.4: “Sinusoid envelopes for flute (left) and clarinet (right), playing the note
C4, 261 Hz.” [Ero01]

Sinusoid envelopes are related to the Fourier transform, but bins are calcu-
lated separately with indpendent time frames, which eliminates the need for
windowing and gives a sample-by-sample amplitude envelope. Sinusoidal
envelopes have high perceptual fidelity, and are a useful basis for examining
onset asynchrony. Their use is limited by difficulty in reliably tracking the
fundamental frequency and partials. Eronen uses sinusoid envelopes, but be-
lieves that for the future, “using a filterbank instead of sinusoid envelopes
would be a simpler and more robust approach” [Ero01].

In [MB96], Masri and Bateman describe an analysis and resynthesis system
where the audio frames are aligned with onsets in order to avoid smoothing
of the attack during resynthesis (“diffusion”). They detect transients with an
algorithm that looks for sudden change and increase in energy, using a spec-
tral energy feature that is linearly weighted to favor high frequency content.
They then synchronize the analysis such that the STFT window never crosses
an onset boundary. This same technique could be applied to synchronizing
analysis of the evolution of spectral shape.

Harmonics and Inharmonics

Related to spectral shape, harmonics-based features look at the relative ampli-
tude of harmonics. A common feature is the odd-to-even ratio of harmonics

30

(Eronen 2001)
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Like Fourier, but bins calculated independently
sample-accurate
useful for examining spectral evolution
That’s a flute



Cepstral Coefficients

Usually in conjunction with the mel scale 
(MFCC)

CHAPTER 3. TIMBRE 3.1. FEATURES

[LR04, KGK+05]. Some instruments have primarily odd harmonics with few
even harmonics, and others have the opposite. [KGK+05] uses various other
harmonic-related features.

Sound from acoustic instruments is rife with inharmonics, i.e. noise compo-
nents that have no harmonic relationship to the fundamental frequency. This
is especially true during the attack transient. The most apparent noise is gen-
erally a byproduct of the initial excitation, e.g. the sound of fingers on guitar
strings, or due to the manner in which the instrument sustains, e.g. breathi-
ness in a flute sound. In addition there are less-obvious inharmonics that add
to the timbre of any instrument.

Aside from transient features, inharmonicity has not been applied to musical
instrument recognition [Ero01]. Martin and Kim propose a possible inhar-
monicity feature, but did not implement it [MK98].

Cepstral Coefficients

The cepstrum of a signal x is Trivia: The word cepstrum
is pronounced with a hard
c and is an anagram of
spectrum, and its indepen-
dent variable is quefrency—
an anagram of frequency.

c = F−1 (log |F (x)|)

where F indicates the discrete Fourier transform. So the cepstrum is essen-
tially taking the Fourier transform of a log spectrum. The cepstrum can be
seen as information about the rate of change of the spectrum. When applied
to audio, the spectrum is usually transformed using the Mel frequency bands,
giving the Mel Frequency Cepstral Coefficients (MFCCs). The mel scale is a
logarithmic scale where intervals are perceived as equidistant by listeners. It
is defined as

m( f ) = 2595 log(1 + f /700).

MFCCs are very popular features. They are used by [Ero01, HDG03, LR04].

Bark Energy Ratios

Bark bands are approximations to the first 24 critical bands of human hearing.
Herrera et al. add two more bands for low frequency resolution. They extract
a number of features from the Bark bands [HDG03].

Equivalent Rectangular Bandwidth

Vincent and Rodet [VR04] use the equivalent rectangular bandwidth (ERB)
scale, which is similar to Bark bands and the mel scale. It is defined as

fERB = 9.26 log(0.00437 fHz + 1).

They also take the log of the power to better fit human perception.
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nents that have no harmonic relationship to the fundamental frequency. This
is especially true during the attack transient. The most apparent noise is gen-
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instrument recognition [Ero01]. Martin and Kim propose a possible inhar-
monicity feature, but did not implement it [MK98].
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tially taking the Fourier transform of a log spectrum. The cepstrum can be
seen as information about the rate of change of the spectrum. When applied
to audio, the spectrum is usually transformed using the Mel frequency bands,
giving the Mel Frequency Cepstral Coefficients (MFCCs). The mel scale is a
logarithmic scale where intervals are perceived as equidistant by listeners. It
is defined as

m( f ) = 2595 log(1 + f /700).

MFCCs are very popular features. They are used by [Ero01, HDG03, LR04].

Bark Energy Ratios

Bark bands are approximations to the first 24 critical bands of human hearing.
Herrera et al. add two more bands for low frequency resolution. They extract
a number of features from the Bark bands [HDG03].

Equivalent Rectangular Bandwidth

Vincent and Rodet [VR04] use the equivalent rectangular bandwidth (ERB)
scale, which is similar to Bark bands and the mel scale. It is defined as

fERB = 9.26 log(0.00437 fHz + 1).

They also take the log of the power to better fit human perception.
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very popular
conceptually, information on the rate of change of the spectrum



Correlogram

3.1. FEATURES CHAPTER 3. TIMBRE

Log-lag Correlogram

In [MK98], Martin and Kim use the log-lag correlogram as a representation
instead of the STFT. The correlogram is “not based on the assumption that the
signal is periodic; it may therefore be better suited than previously studied
representations to analysis of inharmonic signals.”

To calculate the correlogram, the signal is first filtered and separated into
channels, in a manner modeled after the cochlea and inner hair cells. Then
autocorrelation is run on each channel with logarithmic lag spacing.

The three dimensions of the correlogram are cochlear position (a frequency, in
Hz), autocorrelation lag (logarithmic representation of periodicity), and time.
It is usually visualized as a snapshot in time with cochlear position on the
vertical axis and lag on the horizontal, as in Figure 3.5.

3

In the third stage, each channel is subjected to short-time autocorrelation, implemented by a

delay/multiply/smooth architecture with a 25 ms smoothing constant. The running autocorrelation output is

computed with logarithmic lag spacing (each lag is implemented with a fractional-delay filter). The zero-

lag autocorrelation is also computed, as a measure of the short-time energy in each channel.

The correlogram representation is three-dimensional. The first dimension (cochlear position) yields critical-
band frequency resolution, which can resolve the first five or six harmonics of a periodic signal,

corresponding to human abilities (Plomp, 1976). The second dimension (autocorrelation lag) is a

logarithmic representation of periodicity, corresponding to the nearly logarithmic pitch resolution exhibited

by humans. The third dimension is time. The main panels of Figures 1-3 display snapshots of the

correlogram output for 555 Hz tones produced, respectively, by violin, trumpet, and flute.
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Figure 1: Correlogram snapshot of a violin tone. The horizontal axis, labeled “pitch,” is the

inverse of autocorrelation lag. The vertical axis, labeled “frequency,” corresponds to
cochlear position. The lower panel displays the summary autocorrelation (the

correlogram integrated over the cochlear dimension). The right-hand panel displays

the zero-lag energy, which for isolated periodic sources is equal to the spectral

envelope.
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Figure 2: Correlogram snapshot of a trumpet tone. See the caption to Figure 1 for a

description of the panels.

Figure 3.5: “Correlogram snapshot of a violin tone. The horizontal axis, labeled
“pitch,” is the inverse of autocorrelation lag. The vertical axis, labeled “frequency,”
corresponds to cochlear position. The lower panel displays the summary autocorrela-
tion (the correlogram integrated over the cochlear dimension). The right-hand panel
displays the zero-lag energy, which for isolated periodic sources is equal to the spectral
envelope.” [MK98]

As with the spectrogram, many features can be extracted from a correlogram.
Martin and Kim extract 31 features including pitch, spectral centroid, onset
asynchrony, ratio of odd-to-even harmonic energy, and the strength of vibrato
and tremolo.
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(Martin and Kim 1998)
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“not based on the assumption that the signal is periodic”
modeled after cochlea and inner hair cells
filtered into channels and autocorrelation
that’s a violin



Classifiers
k-NN

Naive Bayes

Discriminant Analysis

Decision Trees

Support Vector Machines

Artificial Neural Networks

Rough Sets

Hidden Markov Models

Gaussian Mixture Model

Independent Subspace 
Analysis
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GMM: linear combination of gaussians
SVM: combination of typical spectra and noise



k-Nearest Neighbors

(University College Dublin)
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Naive Bayes

CHAPTER 3. TIMBRE 3.2. CLASSIFICATION

3.2 Classification

Classifiers classify the signal based on the features that were extracted. Dur-
ing the training phase, they are given training examples and usually a label
for classification (this is supervised learning). Sometimes the learning is unsu-
pervised, i.e. there are no labels. In those cases the classifier clusters examples
automatically according to likeness, but does not apply labels. Most classifi-
cation systems use supervised learning.

k-Nearest Neighbor

The k-NN algorithm stores feature vectors of all the training examples, and
when asked to classify a new instance it finds the k nearest training examples
(neighbors) in the feature space. The new instance is then classified in the
class that contains the most of the neighbors. k-NN is popular because it is
easy to implement.

However, there are some significant drawbacks. It is a lazy algorithm, mean-
ing all it does during the training phase is store the training examples for later.
Thus, all the training examples need to be in memory. Finding the k nearest
neighbors for each query can be computationally expensive as well. In ad-
dition, it is sensitive to irrelevant features, which can dominate the distance
metrics.

Herrera-Boyer et al. [HBPD03] reviewed the use of k-NN, and based on the
results obtained by researchers estimate that the algorithm is limited to about
80% accuracy. Indeed, almost every study that uses k-NN uses it as a proto-
type or just includes it for completeness. It is often outperformed by other
classifiers in the study.

Studies employing k-NN classification include [MK98, Ero01].

Naïve Bayes

The naïve Bayesian classifier calculates the maximum a posteriori (MAP) hy-
pothesis (the most likely hypothesis). Let a1, a2, . . . , an be the n features under
consideration, and V is the set of classes. Then we wish to find

vMAP = argmax
vj∈V

P(vj|a1, a2, . . . , an).

Using Bayes’ theorem and assuming independence of the features, we can
rewrite this as

vNB = argmax
vj∈V

P(vj) ∏
i

P(ai|vj).

33

V is set of classes, a are features
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Discriminant Analysis

3.2. CLASSIFICATION CHAPTER 3. TIMBRE

P(vj) is the prior probability of the classification vj, and P(ai|vj) is the prob-
ability of seeing feature ai given classification vj. In essence, we count the
feature attributes seen in each class while training and use those counts to
calculate the posterior probability.

Naïve Bayes is naïve because of the assumption that the features are indepen-
dent, which they almost certainly are not. However, the approach works well
in practice. [KGK+05] uses naïve Bayes inference.

Discriminant Analysis

Discriminant analysis provides linear, quadratic, or logistic (s-curve) func-
tions of the variables that best separate the data into two or more predefined
groups. Martin and Kim use multiple discriminant analysis at each decision
point in the taxonomy to reduce the high-dimensional feature space (31 fea-
tures) to a space of fewer dimensions (the number of data classes minus one),
greatly reducing the amount of training data needed [MK98]. The actual clas-
sification is done with a naïve Bayesian classifier. See Figure 3.6 for a visual
example of LDA.

Figure 3.6: An example of linear discriminant analysis. The data is in the X, Y plane,
and LDA finds the line b (the I I axis), which allows projection onto the I axis.

Herrera et al. note that “surprisingly, there have been very few studies using
these techniques” [HBPD03]. In an earlier paper, they give a possible reason
for this:“perhaps it is commonly assumed that the classification problem is

34
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Rough Sets

CHAPTER 3. TIMBRE 3.2. CLASSIFICATION

Rough Sets
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Figure 3.8: “An illustration of rough sets concepts” [HBPD03].

Rough sets can be used to reason about vague concepts which cannot be char-
acterized in terms of information about their elements. An upper approxima-
tion and a lower approximation are found, and the region between them is the
boundary region of the concept. The lower approximation of the set contains
all objects that are definitely in the set, and the upper approximation contains
all of the objects that may belong to the set. Probabalistic inferences about
membership can then be made. [HBPD03]

Hidden Markov Models

A Markov model is a Bayesian network of states. At each time step, the current
state is changed according to the probabilities along the edges from that state
to other states, and an observation is generated according to the observation
probabilities for the current state. In a hidden Markov model (HMM), the
states, state transition probabilities, and observation probabilities are hidden,
and only the observations are available. HMM methods such as Expectation
Maximization (EM) learn an estimate of the state parameters [GH96].

The number of states is a regulation parameter that is not estimated. It is
a tradeoff between not enough states and too many states (which leads to
overfitting).

For classification an HMM for each instrument is considered and the model
that gives the highest probability of observing the signal is chosen.

Gaussian Mixture Model

A Gaussian mixture model (GMM) is a linear combination of Gaussians. In
instrument classification, a GMM can be used to model the spectrum of an
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Hidden Markov Model

Bayesian Network

State Transition Probabilities

Observation Probabilities

States, transition probabilities, observation 
probabilities hidden - only get observations
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Support Vector Machines

Map data with kernel function

Find linear hyperplane to minimize error

89



Selection

Principal Components Analysis

Discriminant Analysis

Sequential Forward/Backward Generation

Gradual Descriptor Elimination
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features and/or classifiers
SFG/SBG: add/remove most/least relevant features one at a time
GDE: choose most irrelevant feature using LDA and remove, estimate at every step



Status

Much monophonic work done

Much polyphonic work to be done

Shotgun approach most successful
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Spectral Anticipations

Inverted U: silence and noise are both boring

Structure carries information

Anticipation and Surprise

(Dubnov 2006)
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Spectral Anticipations

CHAPTER 4. MUSIC UNDERSTANDING

in the surprise. He defines structure as that which the listener can predict, and
noise as what carries no information to the listener.

Dubnov develops the equivalence between spectral flatness and information
rate (IR), and then considering a vector-IR method which represents the infor-
mation rate for a complex signal containing several components, he develops
a generalized spectral flatness which is equivalent to vector-IR.

Take a signal and transform it with a STFT or MFCC or other such trans-
formation, then perform basis decomposition using e.g. PCA to reduce the
dimensionality of the data. The IR of each component is estimated using
vector-IR. They are summed together to give a single IR value for that frame
of music. This value over the time evolution of the signal gives an anticipation
profile.

The anticipation profile seems to carry relevant information about the signal,
the music structure, and emotional content.

Dubnov

again the same graph of anticipation profile, this
time overlaid on top of MIDI notes. (The crosses in-
dicate note onsets, with actual note numbers not
represented in the graph.)

It appears that changes and repetitions of music
materials are detected by IR analysis of the acoustic
signal. (It should be noted that our anticipation
analysis does not involve note or pitch detection or
any use of the score of MIDI information.)

Anticipation Profile and Emotional Force

To evaluate the significance of the IR method for
music analysis, a comparison between anticipation
profiles derived from automatic signal analysis and
human perception of musical contents is required.
In a recent experiment, large amounts of data con-
cerning human emotional responses when listening
to a performance of a contemporary orchestral mu-

sical work (Angel of Death by Roger Reynolds) was
collected during live concerts (McAdams et al.
2002). During these concerts, listeners were as-
signed a response box with a sliding fader that al-
lowed continuous analog ratings to be made on a
scale of emotional force (Smith 2001). Listeners
were instructed that positive or negative emotional
reactions of similar magnitude were to be judged at
the same level of the emotional force scale. The
ends of the emotional force scale were labeled
“weak” and “strong.” In addition, a small “I don’t
know” region was provided at the far left end of this
scale that could be sensed tactilely, as the cursor
provided a slight resistance to moving into or out of
this zone.

Continuous data from response boxes were con-
verted to MIDI format (on an integer scale from 0 to
127) and recorded simultaneously with the musical
performance. Figure 15 presents a comparative
graph of the anticipation profile resulting from IR
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Figure 13. Graph of antici-
pation profile (estimated
by vector-IR) using 30 cep-
stral features, displayed
over a spectrogram of a
musical excerpt (Bach’s

Prelude in G Major from
Book I of the Well-
Tempered Clavier). The
acoustic signal was cre-
ated by computer render-
ing of a MIDI file.

Figure 4.1: “Graph of anticipation profile (estimated by vector-IR) using 30 cepstral
features, displayed over a spectrogram of a musical excerpt (Bach’s Prelude in G
Major from Book I of the Well-Tempered Clavier). The acoustic signal was created
by computer rendering of a MIDI file.” [Dub06]

Cooper et al. [CFPT06] review a number of music visualizations. The similarity
matrix we have discussed already. It reveals temporal structure of the music.
The beat spectrum is a measure of self-similarity as a function of lag. The beat
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Beat SpectrumCHAPTER 4. MUSIC UNDERSTANDING

Beat Spectrum and Beat Spectrogram

Both the periodicity and relative strength of rhyth-
mic structure can be derived from the similarity
matrix. The term beat spectrum is used to describe
a measure of self-similarity as a function of the lag
(Foote and Uchihashi 2001). Peaks in the beat spec-
trum at a particular lag l correspond to audio repeti-
tions at that temporal rate. The beat spectrum B(l)
can be computed from the similarity matrix using
diagonal sums or autocorrelation methods. A simple
estimate of the beat spectrum can be found by diag-
onally adding the similarity matrix S as follows:

(6)

Here, B(0) is simply the sum along the main diag-
onal over some continuous range R, B(1) is the sum
along the first superdiagonal, and so on. A more ro-
bust estimate of the beat spectrum is the autocorre-
lation of S:

(7)

Because B(k,l) is symmetric, it is only necessary to
perform the sum over one variable to yield a one-
dimensional result B(l). This approach works sur-
prisingly well for most kinds of musical genres,
tempos, and rhythmic structures.

B k l i j i k j l
i j
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Figure 5 shows the beat spectrum computed from
the first ten seconds of Paul Desmond’s jazz compo-
sition Take 5, performed by the Dave Brubeck Quar-
tet. Besides being in an uncommon time signature
(5/4), this rhythmically sophisticated work requires
some interpretation. First, note that there is no ob-
vious periodicity at the actual beat tempo (denoted
by solid vertical lines in the figure). Rather, there is
a marked periodicity at five beats and a correspon-
ding sub-harmonic at ten. Jazz aficionados know
that “swing” is the subdivision of beats into non-
equal periods rather than “straight” (equal) eighth
notes. The beat spectrum clearly shows that each
beat is subdivided into near-perfect triplets. This is
indicated with dotted lines spaced one-third of a
beat apart between the second and third beats. A
clearer visualization of “swing” would be difficult
to achieve by other means.

The beat spectrum can be analyzed to determine
tempo and more subtle rhythmic characteristics.
Peaks in the beat spectrum give the fundamental
rhythmic periodicity (Foote and Uchihashi 2001).
Strong off-beats and syncopations can be then de-
duced from secondary peaks in the beat spectrum.
Because the only necessary signal attribute is repeti-
tion, this approach is more robust than other ap-
proaches that look for absolute acoustic features
such as energy peaks.

There is an inverse relationship between the
time accuracy and the beat spectral precision. Tech-
nically, the beat spectrum is a frequency operator
and hence does not commute with a time operator.
Thus, beat spectral analysis, like frequency anal-
ysis, exhibits a tradeoff between spectral and tem-
poral resolution.

The beat spectrogram is used to analyze rhyth-
mic variations over time. Like its namesake, the
beat spectrorgram visualizes the beat spectrum over
successive windows to show rhythmic variation
over time. Time is on the x-axis, with lag time on
the y-axis. Each pixel is colored with the scaled
value of the beat spectrum at that time and lag, so
that peaks are visible as bright horizontal bars at the
repetition time. Figure 6 shows the beat spectro-
gram of a 33-second excerpt of the Pink Floyd song
Money. Listeners familiar with this classic-rock
chestnut may know the song is primarily in the 7/4

48 Computer Music Journal

Figure 5. Beat spectrum of
the jazz composition Take
Five.

Figure 4.2: “Beat spectrum of the jazz composition Take Five.” [CFPT06]

spectrum is a telling visualization about the temporal structure of the frame
of music. The beat spectrogram is obtained with the addition of the time axis,
as the spectrogram from the spectrum. The beat spectrogram gives even more
visual cues to the temporal structure, and, for example, makes it easy to see
changes in time signature. The beat histogram is similar to the beat spectrum,
but calculated in a different way (and usually over the entire song).

Timbregrams use vertical bars of color to represent similarity in timbre. They
are commonly made using PCA from feature vectors. If the song has an ABA
structure, the ABA structure will be visible also in the timbregram.

Songs as well as samples of instruments, etc. may be organized into timbre
spaces (either 2-dimensional or 3-dimensional) and plotted. Music of similar
style or instrumentation will be clustered together. A related visualization
clusters music using self-organizing (Kohonen) maps, and clusters are de-
picted as islands on a map. These automatically clustered Islands of Music
provide an insightful exploratory landscape.

These and other visualizations allow us to see patterns in music due to our
excellent capacity for pattern recognition. These visualizations can be fun and
informative, and they can also guide us to insight about features of music that
we can then exploit in a programmatic fashion.

Deshpande et al. [DSN01] take this one step further, and use image processing
techniques to classify music into broad categories (rock, classical, jazz) using
visualizations. The spectrogram and MFCC of music in these categories has
certain tendencies. Rock has strong vertical lines corresponding to the pow-
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Cooper et al.

time signature, save for the bridge (middle section),
which is in 4/4. The excerpt shown begins at 4 min
55 sec into the song, and it clearly shows the transi-
tion from the 4/4 bridge back into the last 7/4 verse.
To the left are strong beat spectral peaks on each
beat, particularly at two and four beats (the length
of a 4/4 bar), along with an eight-beat subharmonic.
Two beats occur in slightly less than a second, cor-
responding to a tempo slightly faster than 120 beats
per minute (120 BPM). This is followed by a short
two-bar transition. Then, around 10 sec (on the x-
axis) the time signature changes to 7/4, clearly
visible as a strong seven-beat peak with the absence
of a four-beat component. The tempo also slows
slightly, visible as a slight lengthening of the time
between peaks.

Beat Histograms

The beat histogram (BH) is similar to the beat spec-
trum in that it visualizes the distribution of various
beat-level periodicities of the input signal. How-
ever, the method of calculation is different. The BH
is calculated using periodicity detection in multiple
octave channels that are computed using a discrete
wavelet transform (DWT). Figure 7 shows a
schematic diagram of the calculation. The signal is
first decomposed into a number of octave frequency
bands using the DWT. Following this decomposi-

tion, the time-domain amplitude envelope of each
band is extracted separately. This is achieved by ap-
plying full-wave rectification, low-pass filtering,
and downsampling to each octave frequency band.
After removal of the mean, the envelopes of each
band are then added together, and the autocorrela-
tion of the resulting sum envelope is computed. The
dominant peaks of the autocorrelation function cor-
respond to the various periodicities of the signal’s
envelope. These peaks are accumulated over the
whole sound file into a beat histogram, where each
bin corresponds to the peak lag,namely, the beat
period in BPM.

Rather than adding one, the amplitude of each
peak is added to the beat histogram. That way,
when the signal is very similar to itself (strong beat)
the histogram peaks will be higher. In Tzanetakis
and Cook (2002), six numerical features that at-
tempt to summarize the BH are computed and used
for classification. Figure 8 shows a BH for a piece of
rock music (Come Together by the Beatles). (Notice
the peaks at 80 BPM—the main tempo—and 160
BPM.) The x-axis corresponds to beats per minute,
and the y-axis corresponds to the degree of self-
similarity for that particular periodicity or beat
strength (Tzanetakis, Essl, and Cook 2002). Many
other algorithms for tempo and beat detection have
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Figure 6. Beat spectrogram
of Pink Floyd’s Money
showing the transition
from 4/4 time to 7/4 time
around 10 seconds (on the
x-axis).

Figure 7. Flow diagram of
beat histogram calculation.

Figure 4.3: “Beat spectrogram of Pink Floyd’s Money showing the transition from
4/4 time to 7/4 time around 10 seconds (on the x-axis).” [CFPT06]
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most striking difference is that of clarity. The Mozart piece presents a clear and 
simple tonal structure, while the Walters song seems more ‘muddled’. This reflects 
the fact that Mozart is played on a single well-tuned piano, while the pop song 
combines several instruments, including drums, all with large profusions of overtones, 
and furthermore the style itself is defined by lots of micro pitches, melodic glides etc.  

 

 

Fig. 3. Rhythmogram (left), timbregram (middle), and chromagram ( right), for Jamie Walters 
Hold On and Mozart Allaturca. Blue corresponds to little energy and red to much energy. 

3.2   Automatic Segmentation 

Through a visualization of the extracted music features it is made clear that 
segmentation of the music should be done in time areas where the feature is 
homogenous (has the same shape). This is done using the self-similarity measure, 
originally called recurrency plots [12], which measures the similarity of all the time 
segments to each other. In fig. 4 the self similarity (calculated as the L2 norm) is 
visualized for the same songs and features as in fig. 3. 

In the self-similarity plots, the homogenous segments are easily seen climbing the 
diagonal, in blue/dark. Certainly, the timbregram has more homogenous segments 
than the other two features.  

Figure 4.4: Timbregram for Mozart’s Alla Turca, from [KJ08]

56 Computer Music Journal

Figure 15. Islands of Music. Figure 16. Flat view of Fig-
ure 15 with song labels
added.

Figure 15

Figure 16

Figure 4.5: Islands of Music from [CFPT06]
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time signature, save for the bridge (middle section),
which is in 4/4. The excerpt shown begins at 4 min
55 sec into the song, and it clearly shows the transi-
tion from the 4/4 bridge back into the last 7/4 verse.
To the left are strong beat spectral peaks on each
beat, particularly at two and four beats (the length
of a 4/4 bar), along with an eight-beat subharmonic.
Two beats occur in slightly less than a second, cor-
responding to a tempo slightly faster than 120 beats
per minute (120 BPM). This is followed by a short
two-bar transition. Then, around 10 sec (on the x-
axis) the time signature changes to 7/4, clearly
visible as a strong seven-beat peak with the absence
of a four-beat component. The tempo also slows
slightly, visible as a slight lengthening of the time
between peaks.

Beat Histograms

The beat histogram (BH) is similar to the beat spec-
trum in that it visualizes the distribution of various
beat-level periodicities of the input signal. How-
ever, the method of calculation is different. The BH
is calculated using periodicity detection in multiple
octave channels that are computed using a discrete
wavelet transform (DWT). Figure 7 shows a
schematic diagram of the calculation. The signal is
first decomposed into a number of octave frequency
bands using the DWT. Following this decomposi-

tion, the time-domain amplitude envelope of each
band is extracted separately. This is achieved by ap-
plying full-wave rectification, low-pass filtering,
and downsampling to each octave frequency band.
After removal of the mean, the envelopes of each
band are then added together, and the autocorrela-
tion of the resulting sum envelope is computed. The
dominant peaks of the autocorrelation function cor-
respond to the various periodicities of the signal’s
envelope. These peaks are accumulated over the
whole sound file into a beat histogram, where each
bin corresponds to the peak lag,namely, the beat
period in BPM.

Rather than adding one, the amplitude of each
peak is added to the beat histogram. That way,
when the signal is very similar to itself (strong beat)
the histogram peaks will be higher. In Tzanetakis
and Cook (2002), six numerical features that at-
tempt to summarize the BH are computed and used
for classification. Figure 8 shows a BH for a piece of
rock music (Come Together by the Beatles). (Notice
the peaks at 80 BPM—the main tempo—and 160
BPM.) The x-axis corresponds to beats per minute,
and the y-axis corresponds to the degree of self-
similarity for that particular periodicity or beat
strength (Tzanetakis, Essl, and Cook 2002). Many
other algorithms for tempo and beat detection have
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simple tonal structure, while the Walters song seems more ‘muddled’. This reflects 
the fact that Mozart is played on a single well-tuned piano, while the pop song 
combines several instruments, including drums, all with large profusions of overtones, 
and furthermore the style itself is defined by lots of micro pitches, melodic glides etc.  
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Through a visualization of the extracted music features it is made clear that 
segmentation of the music should be done in time areas where the feature is 
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Figure 15. Islands of Music. Figure 16. Flat view of Fig-
ure 15 with song labels
added.

Figure 15

Figure 16

Figure 4.5: Islands of Music from [CFPT06]
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time signature, save for the bridge (middle section),
which is in 4/4. The excerpt shown begins at 4 min
55 sec into the song, and it clearly shows the transi-
tion from the 4/4 bridge back into the last 7/4 verse.
To the left are strong beat spectral peaks on each
beat, particularly at two and four beats (the length
of a 4/4 bar), along with an eight-beat subharmonic.
Two beats occur in slightly less than a second, cor-
responding to a tempo slightly faster than 120 beats
per minute (120 BPM). This is followed by a short
two-bar transition. Then, around 10 sec (on the x-
axis) the time signature changes to 7/4, clearly
visible as a strong seven-beat peak with the absence
of a four-beat component. The tempo also slows
slightly, visible as a slight lengthening of the time
between peaks.

Beat Histograms

The beat histogram (BH) is similar to the beat spec-
trum in that it visualizes the distribution of various
beat-level periodicities of the input signal. How-
ever, the method of calculation is different. The BH
is calculated using periodicity detection in multiple
octave channels that are computed using a discrete
wavelet transform (DWT). Figure 7 shows a
schematic diagram of the calculation. The signal is
first decomposed into a number of octave frequency
bands using the DWT. Following this decomposi-

tion, the time-domain amplitude envelope of each
band is extracted separately. This is achieved by ap-
plying full-wave rectification, low-pass filtering,
and downsampling to each octave frequency band.
After removal of the mean, the envelopes of each
band are then added together, and the autocorrela-
tion of the resulting sum envelope is computed. The
dominant peaks of the autocorrelation function cor-
respond to the various periodicities of the signal’s
envelope. These peaks are accumulated over the
whole sound file into a beat histogram, where each
bin corresponds to the peak lag,namely, the beat
period in BPM.

Rather than adding one, the amplitude of each
peak is added to the beat histogram. That way,
when the signal is very similar to itself (strong beat)
the histogram peaks will be higher. In Tzanetakis
and Cook (2002), six numerical features that at-
tempt to summarize the BH are computed and used
for classification. Figure 8 shows a BH for a piece of
rock music (Come Together by the Beatles). (Notice
the peaks at 80 BPM—the main tempo—and 160
BPM.) The x-axis corresponds to beats per minute,
and the y-axis corresponds to the degree of self-
similarity for that particular periodicity or beat
strength (Tzanetakis, Essl, and Cook 2002). Many
other algorithms for tempo and beat detection have
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Figure 15. Islands of Music. Figure 16. Flat view of Fig-
ure 15 with song labels
added.
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Figure 4.5: Islands of Music from [CFPT06]
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erful drum beat. Classical music tends to be smooth because most classical
instruments have relatively pure tones. Jazz tends to look much more ran-
dom, and some characteristic instruments (e.g. saxophones) have distinctive
patterns in the spectrogram.

The spectrogram and MFCC are decomposed into a vector in Rkd , by convolv-
ing with k filters recursively d times. This is the texture-of-textures approach.
The feature vectors were then classified using k-NN, GMM, and SVM and
compared. They found k-NN worked best, but believe it may be due to not
finding the optimal parameters or not having a large enough set of data.!"#$%#&'()#("*#+%#,'-..(//(#0-*1%23#45(6-#78)6-119":;#<*=("6-*#>)*-.9":#("*#>-?')*134#<6(*-@96#78-113#ABBC%#
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Figure 4.7: Eigenfaces from [ZC06]

A similar approach, though not one discussed by Deshpande et al. would be
to use an eigenface technique instead of texture-of-textures. At a high level they
are very similar. An eigenface is to an image as an eigenvector is to a matrix.
A set of eigenfaces is derived using PCA, each representing some orthogonal
aspect of the set of training data. A face is recognized by a combination of
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(Zhao and Chellappa 2006)
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Eigensound

Abstract Away auditory events

PCA

A Generalized Spectral Template

Whitman’s Eigenradio

(Recht and Whitman 2003)
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Play snippet from Singular Christmas - Grand hotel pout twice



Style Classification
MIDI

Lyrical or Energetic or ...

13 MIDI-based Features

Naive Bayes, GMM, ANN

(Dannenberg et al. 1997)

102



Speech/Music 
Discriminator

Features: 4 Hz modulation energy, low-energy 
frames, skew, centroid, flux, ZCR, Cepstral, 
“Rhythmicness”

GMM

(Scheirer and Slaney 1997)
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Conclusion
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Probabalistic and Machine Learning over direct programming
Wide application of many disciplines of computer science and signal processing
Complexity and vagueness of perception
Learn more about our own perception as we find what does and doesn’t work


