




Abstract

Music Information Retrieval (MIR) is an interdisciplinary research area that
has the goal to improve the way music is accessible through information systems.
One important part of MIR is the research for algorithms to extract meaningful
information (called feature data) from music audio signals. Feature data can for
example be used for content based genre classification of music pieces.

This masters thesis contributes in three ways to the current state of the art:

• First, an overview of many of the features that are being used in MIR
applications is given. These methods – called “descriptors” or “features”
in this thesis – are discussed in depth, giving a literature review and for
most of them illustrations.

• Second, a large part of the described features are implemented in a uni-
form framework, called T-Toolbox which is programmed in the Matlab
environment. It also allows to do classification experiments and descrip-
tor visualisation. For classification, an interface to the machine-learning
environment WEKA is provided.

• Third, preliminary evaluations are done investigating how well these meth-
ods are suited for automatically classifying music according to categoriza-
tions such as genre, mood, and perceived complexity. This evaluation
is done using the descriptors implemented in the T-Toolbox, and several
state-of-the-art machine learning algorithms.

It turns out that – in the experimental setup of this thesis – the treated
descriptors are not capable to reliably discriminate between the classes of most
examined categorizations; but there is an indication that these results could be
improved by developing more elaborate techniques.
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Processing Group at ÖFAI, and – last but not least – my father for their support.





Contents

1 Introduction 1

2 Literature Review 3
2.1 General Classification and Evaluation Framework . . . . . . . . . 3
2.2 Review of Some Commonly Used Descriptors . . . . . . . . . . . 4

2.2.1 Introductory Remarks . . . . . . . . . . . . . . . . . . . . 4
2.2.2 Auditory Preprocessing and Simple Audio Statistics . . . 7

Amplitude Envelope . . . . . . . . . . . . . . . . . . . . . 8
Band Energy Ratio . . . . . . . . . . . . . . . . . . . . . . 9
Bandwidth . . . . . . . . . . . . . . . . . . . . . . . . . . 10
Central Moments . . . . . . . . . . . . . . . . . . . . . . . 12
Linear Prediction Coefficients (LPC) Features . . . . . . . 12
Loudness . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
Low Energy Rate . . . . . . . . . . . . . . . . . . . . . . . 14
Mel Frequency Cepstral Coefficients . . . . . . . . . . . . 15
Periodicity Detection: Autocorrelation vs. Comb Filters . 18
Psychoacoustic Features . . . . . . . . . . . . . . . . . . . 19
RMS Energy . . . . . . . . . . . . . . . . . . . . . . . . . 20
Spectral Centroid . . . . . . . . . . . . . . . . . . . . . . . 21
Spectral Flux . . . . . . . . . . . . . . . . . . . . . . . . . 22
Spectral Power . . . . . . . . . . . . . . . . . . . . . . . . 23
Spectral Rolloff . . . . . . . . . . . . . . . . . . . . . . . . 25
Statistical Moments . . . . . . . . . . . . . . . . . . . . . 26
Time Domain Zero Crossings . . . . . . . . . . . . . . . . 27

2.2.3 Mpeg7 Low Level Audio Descriptors (LLDs) . . . . . . . 29
2.2.4 Timbre-Related Descriptors . . . . . . . . . . . . . . . . . 36

Clustering of MFCCs . . . . . . . . . . . . . . . . . . . . 36
Spectrum Histograms . . . . . . . . . . . . . . . . . . . . 38

2.2.5 Rhythm-Related Descriptors . . . . . . . . . . . . . . . . 38
The Smallest Pulse (Tick, Tatum, Attack-Point) . . . . . 38
Inter-Onset Intervals, IOI-Histograms and IOI Clustering 38
Beat Spectrum . . . . . . . . . . . . . . . . . . . . . . . . 40
Beat Histogram . . . . . . . . . . . . . . . . . . . . . . . . 40
Periodicity Histogram (PH) . . . . . . . . . . . . . . . . . 43

ii



iii CONTENTS

2.2.6 Pitch- and Melody-Related Descriptors . . . . . . . . . . 44
Pitch-Height . . . . . . . . . . . . . . . . . . . . . . . . . 44
Pitch-Chroma . . . . . . . . . . . . . . . . . . . . . . . . . 44
Folded / Unfolded Pitch Histogram . . . . . . . . . . . . . 44

2.2.7 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . 47

3 Implementation Overview 48
3.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.1.1 Other Frameworks and Toolboxes . . . . . . . . . . . . . 48
3.1.2 Motivation for the T-Toolbox . . . . . . . . . . . . . . . . 50

3.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
3.2.1 Typical Usage Scenario . . . . . . . . . . . . . . . . . . . 50
3.2.2 Main Components of the T-Toolbox . . . . . . . . . . . . 50
3.2.3 Design Principles . . . . . . . . . . . . . . . . . . . . . . . 51

3.3 Implementation Walk-Through . . . . . . . . . . . . . . . . . . . 52
3.3.1 Starting . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
3.3.2 Reading in the Collection . . . . . . . . . . . . . . . . . . 52
3.3.3 Audio Descriptors . . . . . . . . . . . . . . . . . . . . . . 53
3.3.4 Processing of Descriptors . . . . . . . . . . . . . . . . . . 55
3.3.5 WEKA Interface . . . . . . . . . . . . . . . . . . . . . . . 56

4 Evaluation Methodology 57
4.1 Compilation of a Music Collection . . . . . . . . . . . . . . . . . 57

4.1.1 Goals and Difficulties When Compiling a Test Collection 57
4.1.2 Evaluation Difficulty . . . . . . . . . . . . . . . . . . . . . 58
4.1.3 Music Collections Used in this Work . . . . . . . . . . . . 59

4.2 Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
4.2.1 Descriptor Extraction . . . . . . . . . . . . . . . . . . . . 61
4.2.2 ML-Algorithms Used . . . . . . . . . . . . . . . . . . . . . 62
4.2.3 Algorithms for Evaluation . . . . . . . . . . . . . . . . . . 65

5 Preliminary Evaluation 67
5.1 Descriptor Sets . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

5.1.1 Set from [TC02] . . . . . . . . . . . . . . . . . . . . . . . 68
5.1.2 Mpeg7-LLD Subset . . . . . . . . . . . . . . . . . . . . . . 69

5.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
5.2.1 Results for the Uniformly Distributed Collection . . . . . 70
5.2.2 Results for the ISMIR ’04 Genre Contest Training Collection 72
5.2.3 Results for the In-House Collection . . . . . . . . . . . . . 72
5.2.4 Concluding Remarks . . . . . . . . . . . . . . . . . . . . . 76

6 Summary & Conclusions 78
6.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

6.1.1 Descriptor Overview . . . . . . . . . . . . . . . . . . . . . 78
6.1.2 T-Toolbox Implementation . . . . . . . . . . . . . . . . . 78
6.1.3 Preliminary Evaluation . . . . . . . . . . . . . . . . . . . 79



CONTENTS iv

6.2 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
.1 Detailed Classification Results . . . . . . . . . . . . . . . . . . . . 80

List of Figures 95

List of Tables 96

Bibliography 97



Chapter 1

Introduction

This introductory chapter gives a short overview of the research area in which
this masters thesis was done (namely Music Information Retrieval), what con-
tents the thesis has, and how it contributes to the research in this field.

1.1 Music Information Retrieval

Music Information Retrieval (MIR) is an interdisciplinary research area; its main
goal is to improve the way music is accessible through information systems. A
part of this research is the development of algorithms that extract meaningful
information from music audio signals, or symbolic music representations (i.e.
scores); these algorithms and the data extracted by them are called descriptors,
or features.

Examples of practical applications include automatic music classification,
music recommendation systems, and automatic playlist generation. Obviously,
these algorithms are of commercial interest (e.g for music stores, or for incor-
porating them into mp3-players).

Also, the organization of digital music libraries and the way they can be
queried (i.e. “music retrieval”) are part of MIR research (e.g. [HA04]).

Disciplines that contribute to MIR are not only computer science and mu-
sicology, but also psychology (investigating aspects of music perception, user
studies, e.g. [SH04, OH04]) and sociology (as music has a strong socio-cultural
component, e.g. [BPS04]).

1.2 Contents of This Thesis, and Its Contribu-
tion to MIR Research

In this masters thesis, mainly machine learning and digital signal processing
facets of MIR are discussed. In the following sections, the three main contribu-
tions of the thesis are introduced.

1
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1.2.1 Descriptor Overview

In nearly all MIR research that deals with music given as audio, algorithms for
extracting features from audio are involved (called descriptors or features). This
is due to the fact that raw music audio data is by far too complex to be handled
directly, so computational methods have to be applied to extract meaningful
information from it.

To the author’s knowledge no comprehensive overview over these methods
has been published yet. So, in chapter 2 of this masters thesis, most of them
are described in detail, including a review of some of the relevant literature
they have been used in, and illustrations of the values they produce on example
pieces.

1.2.2 Implementation

As part of this thesis, many of the features described in chapter 2 are consistently
implemented in a common framework, that can also be used to do classification
experiments and some visualizations. This framework is programmed as a Mat-
lab toolbox and called T-Toolbox (the “T” of “T-Toolbox” can be thought of as
being the first letter of the word “tone”). The T-Toolbox is meant to be easily
usable and extendable, so that experiments can be done with little overhead.
Chapter 3 gives an overview pf the implementation, and how to use it.

1.2.3 Preliminary Evaluation

Most publications that are related to audio music classification deal with catego-
rizations such as musical genre, “same artist”, and “same album”. All of them
appear to be natural categorizations, as they imply the existence of clearly dis-
tinct classes. But they have the drawback that they are rather based on meta-
data; musical genre additionally is rather ill-defined and varies among different
social groups. Categorizations that are more intrinsic to music, such as mood,
or perceived complexity, are only treated by few publications (e.g. [LLZ03, ]).

In chapters 4 and 5, the T-Toolbox is used to do classification experiments:
in chapter 4, the methods and the setup used for the experiments are explained,
and in chapter 5 results of the experiments are presented.

Although the categorization into musical genres was also used in these exper-
iments, the more interesting point was to do some first steps into classification
according to other categorizations, such as vocal / non-vocal music, perceived
tempo, or mood.

From the results of these experiments, it seems that the descriptors inves-
tigated here are mainly useful for doing genre classification, but fail to extract
meaningful information to separate the classes in the other categorizations.



Chapter 2

Literature Review

2.1 General Classification and Evaluation
Framework

The usual procedure for automatically classifying audio data consists of several
steps; each of them can be realized in several ways.

• In the first step, the raw audio data of each piece of music considered is
analyzed for features that are thought to be useful for classifying them.
For describing these features, less bytes are necessary than to store the
raw audio data; depending on the kind of feature described, the feature
data can be of various types. For example, for the average tempo it is a
single scalar, and if the STFT is taken, it consists of a series of vectors.
The feature data and its extraction technique usually is either called also
feature, or descriptor as it describes an aspect of the audio file.

• Optionally, for further reducing the feature data, similar items can be
grouped together by applying a clustering algorithm; afterward only sta-
tistical information about the clusters structure is kept as feature data.

• In the final step, the previously computed feature data is used to train a
machine learning algorithm for classification.

In the following sections of this chapter, an overview of descriptors frequently
used in the literature is given. Where necessary, also the clustering algorithms
are shortly described.

It is impossible to give a comprehensive overview and description of all learn-
ing and classification methods used in the literature. Those algorithms used in
our experiments are briefly described in chapter 4.

3
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2.2 Review of Some Commonly Used Descrip-
tors

2.2.1 Introductory Remarks

In these introductory remarks it is explained how the descriptors are presented:
the chosen order of presentation (i.e. the taxonomy), how each single descriptor
is discussed and how the aspects they capture are illustrated.

Chosen Descriptor Taxonomy

There is a number of descriptors that is frequently used in MIR, which can be
classified in different ways; so far, no classification standard has been established.
Two of the schemes that can be found in recent publications are discussed here.

The first is dividing descriptors into the dimensions level of abstraction and
temporal validity ([GH04]). There are two levels of abstraction:

• Low-level means that the feature is computed directly from the audio
signal or its frequency-domain representation; these descriptors are repre-
sented as float values, vectors or matrices of float values.

• High-level descriptors require an inductive inference procedure, applying
a tonal model or some machine learning techniques. High-level features
are given as textual labels or quantized values.

The temporal validity falls into the categories

• Instantaneous: The feature is “valid for a time point”. Point surely is not
meant literally, but related to the constraints of hearing (the ear has a
time resolution of several milliseconds, e.g. [Pöp95]).

• Segment : The feature is valid for a segment such as a phrase or a chorus.

• Global : The feature is valid for the whole audio excerpt.

Another structuring is used in [TC02], i.e.

• Timbral Texture Features try to describe the characteristical sounds ap-
pearing in the audio excerpt.

• Rhythmic Content Features are designed to describe the rhythmic content
of a piece.

• Pitch Content Features use pitch detection techniques to describe the tonal
content of the excerpt.

A set related to this classification from [TC02] is the one given in [OH04],
introducing the additional class of dynamics-related features.
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Taxonomy used here. The descriptors which are described in this thesis do
not match seamlessly into these already existing categorizations, as for many
simpler techniques, it is not fully clear for the description of which of the cate-
gories it is used later. Hence, a slightly different categorization is used, and the
simpler descriptors are subsumed in the category “Auditory Preprocessing and
Simple Audio Statistics”.

An example for such an descriptor which would not fit into the mentioned
categorizations is Root Mean Square, which is a part of the timbral feature set
in [TC02]; it is often used as a first step to detect rhythmical structure, so that
it also could be listed as a rhythmic content feature (or high-level in the case of
the categorization from [GH04]). Also, it could be classified as instantaneous,
segment, or global, depending on the way its output is used.

Also, the Mpeg7 low level descriptors are arranged in a separate section,
because they are a set of clearly defined descriptors.

The categories timbre-related descriptors, rhythm-related descriptors, and
pitch- and melody-related descriptors are used here for descriptors that are more
elaborate and specifically designed for these purposes.

Aspects Discussed for Each Descriptor

In the following treatise of descriptors, for each descriptor several aspects are
discussed; they include

• a definition that is as precise as possible (as the concept of some descriptors
is given rather informally in the literature)

• if the descriptor is available in the T-Toolbox, it is illustrated with example
pieces, as explained in the next section; these examples are discussed

• references to some of the relevant publications in the field of music or
audio classification are given, and where possible, it is estimated to what
extent the descriptor contributes to genre classification accuracies in these
publications

In some cases, concluding remarks are given, e.g. by relating the currently
discussed descriptor to other descriptors.

Example Excerpts

Each descriptor explained in the following section that is implemented in the
MA-Toolbox ([Pam04]) or in the T-Toolbox, is illustrated by showing its output
for eight example pieces of audio. These examples are 23-second excerpts from
the middle of pieces taken from the online music label magnatune.com, which
means that they are under the creative commons license, and everybody is
allowed to listen to them online. (The exact names of the pieces can be found
in table 2.1.)
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Genre Artist Name of Piece

Baroque American Baroque Concerto No2 in g Minor
RV 315 Summer -Presto-

Blues Jag Jag’s Rag
Choir St. Eliyah Childrens Choir We are Guarded by the Cross
Electronic DJ Markitos Interplanetary Travel
Indian Jay Kishor Shivranjani
Metal Skitzo Heavenly Rain
Piano Andreas Haefliger Mozart Sonata in C Major KV 545
Zen Flute Tilopa Yamato Choshi

Table 2.1: Pieces used as examples to illustrate the descriptors. They can be
listened to on http://www.magnatune.com.

The examples were chosen to cover a broad variety of different musical styles,
so that the effects of different audio input of the descriptors can be studied. The
individual examples have the following characteristics:

• The blues example is a “authentic 1920’s solo blues guitar”, according to
the information on magnatune.com. The used excerpt is an overdriven
electric guitar, playing a predominantly polyphonic medium tempo blues
riff.

• The baroque excerpt is taken from the well-known string piece “Four Sea-
sons” by Vivaldi; in particular, it is a dramatic section from “Summer”,
having a mainly constant texture, but changing tonal content (i.e. the
pitch range changes in the course of the sample).

• For representing choir music, a recording of a children’s choir is used; it is
strictly monophonic (all children even sing in the same octave), and has a
light reverberation. The pitch range of the excerpt is about one fifth, and
the overall impression is calm.

• For the example of electronic music, a dancefloor piece was chosen; because
of its simplicity, all instrument lines are described: Bass drum on 1-2-3-
4, Handclap on 2-4, Electric bass (always the same note) on all ’and’-
times, a fat synthesizer sound plays a static pattern, and additionally,
a chirping sequencer sound is heard. The excerpt contains no break or
change of texture. One interesting question is, if all descriptors reflect
this monotony.

• Metal is represented by a noisy excerpt, consisting of heavily distorted
guitars, drums with double bass drum, and towards the end of the excerpt,
shouting vocals.

• The piano example was taken from the fifth Mozart sonata: it is an mellow
tow-part solo piano piece, mid-tempo, mainly with running eighth notes.
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• A Sitar Raga was chosen for contributing as an indian example. The Sitar
(which sounds like a bended bowed steel guitar) is accompanied by a Tabla,
which is an indian percussion instrument. The piece is well-danceable.

• Finally, an excerpt from a japanese zen flute performance is used. Like
the children’s choir, it is monophonic and calm, but this excerpt also has
silent passages (namely at the beginning, right in the middle, and at the
end). Furthermore, the notes are held very long (e.g. the first half consists
only of two notes), and between the notes are sob-like sounds when the
flute is overblown.

For a general orientation, the STFT values of the example excerpts are given
in figure 2.1. It should be remarked that these pieces are just examples, and
the values obtained for them are just clues for which aspects a descriptor might
capture.
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Figure 2.1: STFT values of the example pieces.

2.2.2 Auditory Preprocessing and Simple Audio Statistics

In this section, algorithms and formulas are described that do not directly hint
towards a specific kind of usage, such as for timbre or rhythm extraction. Merely,
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they provide a first step on a low level of abstraction, and their results might be
used in further steps to extract more meaningful information out of the audio
excerpt.

If not otherwise stated, in the following section Mt[n] denotes the magnitude
of the Fourier transform at frame t and frequency bin n. N is the index of the
highest frequency band.
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Figure 2.2: Amplitude envelope values of the example pieces.

Amplitude Envelope

There are several approaches to extracting information about the amplitude
envelope from audio data:

• [BL03] simply use the maximum of each frame’s absolute amplitude for
modeling the amplitude envelope (they call itTime Envelope). As can be
seen from the examples pieces values (figure 2.2), the obtained amplitude
envelope values are very similar to the RMS energy values described later.
RMS energy has the advantage that it is based on all values instead of
only the maximum absolute value, and therefore is more stable.

• For audio segmentation purposes, [OH04] implement a method suggested
in [XT02]. A 3rd order Butterworth lowpass filter is applied to the RMS
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values of each frame, and the output of the filter is taken as the current
envelope value. A similar effect could be achieved by taking a larger
framesize when calculating the RMS energy values; the envelope has a
coarser resolution.

From these papers, it is not clear what discriminatory power the the am-
plitude envelope has when used directly as a descriptor; it can be assumed
that it is very similar to the RMS energy. Nevertheless, amplitude envelope
extraction is an important step when computing beat-related features (e.g.
[TC02, DPW03, CVJK04]).
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Figure 2.3: Framewise band energy ratios of the example piecess, with a split
frequency of 1000 Hz, and cut off at 2.

Band Energy Ratio (BER, [LSDM01], [MB03]) is the relation between the
energy in the low frequency bands and the energy of the high frequency bands.
There are different definitions, but according to [LSDM01], there is not much
difference between the various definitions.
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BERt =

M−1
∑

n=1
M2

t [n]

N
∑

n=M

M2
t [n]

(2.1)

(with split frequency M). [PV01] define the BER not on a single frame, but
on several consecutive frames, additionally applying a window function.

For practical use, the value range of BER should be limited, as for low
amplitudes in the lower bands unreasonable high values can appear (e.g. values
even larger than 100); if the amplitude values in the low bands are smaller than
or equal to the amplitude values in the higher bands, a value range of [0,1]
results.

Obviously, the result also depends strongly on the split frequency. When
choosing it, it should be considered that the fundamental frequency of some
instruments might reach 1000 Hz, and on the other side, frequencies above 4000
to 8000 Hz do not have a major impact on timbre; they are only perceived
as being ’high’, and could therefore be cut off without a major impact on the
perceived sound character (although there is a loss of quality). This effect is
used by electronic devices called Exciter/Enhancer: frequencies in this range
are harshly distorted and added back to the signal, which does not change the
timbre, but produces a more brilliant sound (e.g. [CBMN02]).

BER usually is used as a part of a descriptor set, where it might contribute
to the classification accuracy despite these difficulties; the BER values for the
example pieces are shown in figure 2.3.

Bandwidth

With ct denoting the spectral centroid (which is described later), the bandwidth
([LSDM01, LLZ03, MB03]) usually is defined as ([LSDM01]):

b2
t =

∑N
n=1 (n − ct)

2 · Mt[n]
∑N

n=1 Mt[n]
(2.2)

Like this definition targeting to describe the spectral range of the interest-
ing part of the signal, [PV01] define bandwidth (and signal bandwidth) as the
difference between the indices of the highest and the lowest subband that have
an amplitude value above a threshold.

When looking at the plots of the example pieces’s bandwidths given in figure
2.4, it becomes clear that bandwidth is not appropriate to examine perceived
rhythmical structure. For example, the short-time structure of the bandwidth
values of the electronic piece with a clear straight beat do not differ clearly from
the very calm choir piece, which has no abrupt spectral changes.

Also, bandwidth has a limited use for distinguishing different parts of a
piece: though the onset of low-pitch instruments in the baroque example is
reflected in an increasing bandwidth, the vocal cue in the metal piece is not
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Figure 2.4: Bandwith values of the example pieces (output cut off at 1000).

visible, and in the choir excerpt, bandwidth changes are drastic compared to
the little perceived changes of musical texture.

Despite these drawbacks, the average bandwidth values which are given in
table 2.2 seem to hold some information: for the most aggressive example –
metal –, the values are highest, while the average value for the relaxed piano
and zen flute examples are lowest; the other examples are in between these
extremes.

Piano Zen Flute Choir Electronic Baroque Blues Indian Metal
113.1 145.1 455.9 530.9 571.9 588.5 610.8 772.3

Table 2.2: Mean of bandwidth values of the example excerpts.

As can be seen from the beginning, middle and end of the zen flute example,
bandwidth does not take extreme values for silent passages.

It is unclear how much bandwidth contributes to classification accuracy, as
it usually is part of a set of (low level) features.



2.2. Review of Some Commonly Used Descriptors 12

Central Moments

[BL03] include the third and fourth order central moments (i.e. the skewness
and kurtosis) of the time-domain audio signal into a low level feature set; no
further information about its performance is given, except that the mean of the
derivative of the kurtosis belongs to the features that are most vulnerable to
the addition of white noise to the audio signal.

[BDSP99, PV01] define an analogue in the frequency domain, i.e. the central
moment over time for each subband is calculated. With n denoting the frequency
index, M denoting the number of consecutive frames that are taken into account,
and µn denoting the average amplitude value of subband n over the M frames,
it is

Dk
n (t) =

1

M

M−1
∑

m=0

(Mt+m[n] − µn)
k

(2.3)

They do not give experimental results, so it remains unclear how useful
this descriptor is. [PV01] mention that it is intended to measure how much
a subband’s energy is spread around the mean; this can also be computed by
taking the standard deviation of the amplitude values of the frame.

To the author’s knowledge, the central moments of the spectrum have not
been used as descriptors; but they might be quite similar to the statistical
moments described later (2.2.2).

Linear Prediction Coefficients (LPC) Features

Linear Prediction Coefficients mainly are used in speech compression. The pro-
cess of speech production is approximated by the following model ([MM99,
Isl00]):

The speech signal s(n) is produced by a source u(n) that produces a contin-
uous signal which is passed through a variable model of the vocal tract, whose
transfer function is H(z). The vocal tract often is approximated by an all-pass
filter (details can be found in [Isl00]), whose z-transform is given as:

H(z) =
G

1 −
p
∑

k=1

akz−k

(2.4)

with G denoting the gain of the filter, p its order, z−k the k samples delay
operator, and the ak are the filter coefficients (or taps).

For each frame, the frequency of u(n) and the coefficients of the all-pole filter
are calculated; sometimes also the residuum is taken into account: the residuum
is the difference of the original signal and its approximation.

Results: [MM99] use LPCs for music instrument classification; the results are
inferior to MFCCs (error rate 64% compared to 37%). Unfortunately, they do
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not give information about how many samples were from polyphonic instru-
ments, which would be interesting as LPC are tailored to model monophonic
sounds.

[LSDM01] and [LYLP04] use LPC as a part of a feature set, without informa-
tion about the particular contribution of LPC to the classification performance.

In [BL03], the “ratio of the energy of the linearly predicted signal to the
energy of the original signal” is computed. (It is called predictivity ratio). It
proved to be the feature that was most vulnerable to low-pass filtering of the
audio signal, and was therefore not further examined.

[XMST03] use a “LPC-derived cepstrum” (no exact definition given) as a
part of a feature set for multilayer classification with support vector machines.
For classifying 100 hand-labeled musical segments into the four genres “classic”,
“pop”, “rock” and “jazz”, they achieve an error rate as low as 6.36%. (As the
genres pop, rock and jazz are not as clearly distinct in the common sense,
it would be interesting to know more about the 100 examples used in these
experiments.) In this experiment, the LPC-derived cepstrum is used together
with the beat spectrum to distinguish pieces between the classes “Pop / Classic”
and “Rock / Jazz”.

Loudness

As there is no unambiguous definition for loudness (there are different measures,
such as sone, phon, decibel) also slightly different approaches for loudness de-
scriptors can be found; according to [SH04] the perceived loudness is too com-
plicated to be computed exactly and can only be approximated. Some of the
approaches are presented here:

• [BL03] use a exponential model of loudness based on the energy E of
the current frame: L = E0.23. Empirical listening tests show that the
loudness perception is approximately correlated to energy this way (e.g.
[BF01]). The energy E might be obtained e.g. by RMS. [BL03] state that
this is a simple but highly effective descriptor, and in their experimental
setup, this was the second best descriptor for discriminating classical vs.
non-classical music.

From tables 2.3 and 2.4 can be seen that there is no big difference in rank
when computing the exponent 0.23 of the RMS values (as the exponential
function is no linear function, the ranking may change, which can be seen
from the metal example, whose rank changes from eight to six). In both
cases, the zen flute example that is perceived as being calm, is an outlier.

• [KHA+04] and [HAH+04] use Normalized Loudness, where the loudness
values of each subband are normalized. They also apply a different model,
“the bandwise difference over time of the logarithm of specific loudness”,
called Delta-log loudness. In the papers it is not mentioned how delta-log
loudness is computed.
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In [KHA+04], the performance of single descriptors is compared by eval-
uating a set of 21 pieces (seed pieces) against another set of 30 test items
(test set); each seed piece had only one close stylistic counterpart in the
test set. Each descriptor was used to produce a ranked list of the most
“similar” items, and the average list position of the stylistic counterpart
was computed. In this test, both loudness descriptors perform well (i.e.
they belong to the best performing descriptors). Also, delta-log loudness
is a part of the best performing feature sets examined in this paper, used
for GMM and KNN classifiers. In [HAH+04], comparable results are pre-
sented.

• Also, the average amplitude of the spectrum (i.e. the first MFCC coef-
ficient) can be used as an indicator of loudness. More complex loudness
estimation techniques include a simulation of the human hearing process,
or sone estimations (e.g. [PDW03], where the sone / bark based spectrum
histograms outperform all other measures in the large-scale evaluation.
Spectrum histograms are discussed in detail later).

In conclusion, it can be said that loudness is frequently used for music anal-
ysis; it is a powerful descriptor for certain discrimination tasks, and implemen-
tation details do not seem to play an important role.

Baroque Indian Piano Blues Choir Metal Zen Flute Electronic
0.06 0.08 0.08 0.10 0.11 0.18 0.20 0.26

Table 2.3: Mean of the RMS values of the example excerpts.

Baroque Piano Indian Blues Choir Zen Flute Metal Electronic
0.50 0.53 0.55 0.58 0.58 0.62 0.67 0.73

Table 2.4: Mean of the RMS0.23 values of the example excerpts.

Low Energy Rate

Low energy rate ([BL03, CVJK04, KHA+04, SS97, TC02]) is the percentage of
frames that have less energy than the average energy of all frames across an
audio excerpt.

In [BL03], [KHA+04] and [TC02] the RMS values are used for energy esti-
mation

[PV01] use an equivalent calculation to RMS (taking the sum of the squared
values, omitting the calculation of the means and roots).

The usage in [SS97] differs in two ways from the above: Here, the average
value is not taken over the whole audio excerpt, but for one-second-frames.
Furthermore, a frame is regarded as a low-energy-frame when it has less than
50% of the average value.
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Results. The performance of low energy rate usually is not evaluated sepa-
rately; in [BL03] low energy rate is the descriptor that is most robust against
adding white noise to the audio signal. This can be explained by the fact that
white noise is a more or less steady sound source, so that the same energy offset
is added to all frames.

In [KHA+04], low energy rate is a part of the best performing set using a
classifier based on a GMM representation of the data.

Electronic Zen Flute Baroque Choir Blues Indian Piano Metal
0.48 0.50 0.51 0.52 0.56 0.56 0.60 0.61

Table 2.5: Low energy values of the example excerpts (standard definition).

Anyway, the values of the example excerpts (which are based on RMS) do
not give an indication of low energy rate (in its usual definition) being a useful
descriptor (see table 2.3). Contrary to [CVJK04, TC02] where it is stated
that pieces that contain silent parts have a higher low energy rate (with the
standard definition), the zen flute example which contains three silent passages
is the example with the second lowest low energy rate (the other pieces do not
contain completely silent passages). On the other hand, the most aggressive
example (metal) has the highest low energy rate, although it does not contain
silent passages.

When regarding only frames with less than 50% of the mean RMS value as
having low energy (table 2.6), better results are obtained; this time, also the
statement about silent passages applies.

Electronic Metal Blues Indian Choir Baroque Piano Zen Flute
0.00 0.00 0.14 0.17 0.18 0.19 0.28 0.33

Table 2.6: Low energy values of the example excerpts. Only frames with less
than 50% of the mean value are considered as having low energy (i.e. Scheirers
definition).

Mel Frequency Cepstral Coefficients

Originally, Mel Frequency Cepstral Coefficients (MFCCs) were used in the field
of speech processing. They are a representation of the spectral power enve-
lope that allows meaningful data reduction. In the field of music information
retrieval, MFCCs are a widely used to compress the frequency distributions
and abstract from them ([AP04, BLEW03, BL03, ERD04, HAH+04, KHA+04,
LYLP04, LSDM01, MB03, OH04, PDW03, TC02, XMST03]).

The cepstrum is defined as the inverse Fourier transform of the log-spectrum
(e.g. [AP02b]). If the log-spectrum is given in the perceptually defined mel-
scale, then the cepstra are called “Mel Frequency Cepstral Coefficients”.

The mel scale is an approach to model the perceived pitch; 1000 mel are
defined as the pitch perceived from a pure sine tone with 40 dB above the
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Figure 2.5: MFCCs of the example excerpts (calculated with the MA-Toolbox,
[Pam04]).

hearing threshold level. Other mel frequencies are found empirically, e.g. a sine
tone with 2000 mel is perceived twice as high as a 1000 mel sine tone. When
making such experiments with a large quantity of people, it shows that Mel-scale
and Hz-scale are approximately correlated as follows ([BD79]):

mel(f) = 2595 · log10

(

1 +
f

700

)

(2.5)

For practical reasons, in the last step the discrete cosine transform (DCT)
is used instead of the inverse Fourier transform, as the phase constraints can be
ignored. [Log00] showed that for music the DCT produces similar results like
the KL-transform in this step (i.e. the highly correlated Mel-spectral vectors
are being decorrelated by the DCT or the KL-transform, respectively). When
using the DCT, the computation is done the following way:

1. The input signal is converted into short frames (e.g. 20 milliseconds) that
usually overlap (e.g. by one half).

2. For each frame, the discrete fourier transform is calculated, and the mag-
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nitude is computed.

3. The amplitudes of the spectrum are converted to the log scale.

4. A mel-scaled filterbank is applied.

5. As the last step, the DCT is computed, and from the result only the first
few (e.g. 12) coefficients (i.e. MFCCs) are used.

The values of the first 20 MFCCs of the example pieces are shown in figure
2.5.

Variations. There are various implementations of this general structure that
differ in the parameter sets used and in the filterbank settings. In detail, the
differing parameters are:

• framesize and overlap of frames,

• number of mel frequency bands obtained from the power spectrum (this
parameter usually is set to 40)

• In some implementations the mel filterbank is scaled linear in the fre-
quency range under 1000 Hz. This is due to the fact that in this range
the mel frequencies are approximately linear.

• which mel frequencies are discarded: usually, only the first 8 to 20 MFCCs
are kept; some authors (e.g. [LS01] additionally discard the zeroth coeffi-
cient that represents the DC offset of the mel spectrum amplitude values
and thus carries power information.

The so-called Real Cepstral Coefficients are computed in a similar way, omit-
ting the mel filterbank ([KKF01]):

RCC(n) = FFT−1(log |FFT (s (n))|) (2.6)

where s(n) is the frame over which the RCC are computed. They are used
additionally to MFCCs by [HAH+04, KHA+04].

Also adapted from speech processing (e.g. by [ERD04] and [LSDM01]) was
the time derivative of MFCC (called ∆MFCC), defined as

∆MFCCi(v) = MFCCi+1(v) − MFCCi(v) (2.7)

where MFCCi(v) denotes the vth MFCC of frame i. [LSDM01] also uses
the autocorrelation of each MFCC.
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Results. The classification accuracy of MFCC-based methods strongly de-
pends on what subsequent processing is done:

• If only simple statistics are applied, the results can be inferior to an octave-
scaled spectrum or bandwise difference of loudness ([HAH+04], where dif-
ferent features were compared using an artificial neuronal net for auto-
matically weighting inputs depending on the genre; the authors give no
information about which MFCCs are used and how they are exactly pro-
cessed).

• The technique that is regarded to yield the best results is to summarize
the MFCC values of the frames by clustering, and base a classification on
the cluster representations. For clustering, K-means clustering ([LS01])
and the EM-algorithm (e.g.[AP02a]) have been used. The classification
usually is done by computing a distance between cluster distributions,
and a subsequent kNN classifier.

This approach seemed to be very promising and was tried by different
authors with varying parameters (e.g. different numbers of MFCCs, with
or without the zeroth coefficient, different numbers of clusters, framesize).
In [AP04] the parameter space is explored systematically, revealing that
there seems to be an upper bound for this approach at 65 % R-precision
for genre classification.

Few direct comparisons of this architecture to other approaches have been
done, using the same set of music. [KHA+04] and [MB03] test different
feature sets using GMMs. In both cases MFCCs perform better than
other features, but in both papers one better performing feature is pre-
sented: in [KHA+04], this is the spectral flatness measure, and in [MB03]
it is a feature based on temporal loudness changes in different bands. To
the author’s knowledge, none of these results has been repeated by other
researchers yet.

[HAH+04] and [KHA+04] give descriptor rankings, where RCCs have a per-
formance comparable to MFCCs.

Periodicity Detection: Autocorrelation vs. Comb Filters

When analyzing music audio signals, an interesting aspect is to learn about the
periodicities that it has, as rhythm and pitch are of periodical nature. [Sch98]
compares the two common preprocessing methods for periodicity analysis, comb
filtering and autocorrelation. Autocorrelation can be computed e.g. by ([TC02])

y (k) =
1

N

N
∑

n=1

x [n] · x [n − k] (2.8)

where the lag k corresponds to the period of the frequency that is inspected
for periodicity; high values indicate high periodicities.
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Comb filters exist in different variations; the feedback comb filters used in
[Sch98] have a higher average output when a signal with period k is input. A
block diagram is depicted in figure 2.6.

Figure 2.6: Comb filter diagram consistent with [Sch98]. α denotes the atten-
uation, and z−1 is the unit delay operator. The filter has its main resonance
frequency at 1/k. Obviously, if α ≤ 0, it has an infinite impulse response.

Although autocorrelation methods basically are computationally more effi-
cient, comb filters have the advantage of a reasonable resonance: given a signal
with period r, a comb filter with resonance frequency r yields the highest out-
put, whereas comb filters with resonance frequencies that are multiples of r,
(i.e. c · r, with c being a whole number) produce less and less response with
increasing c. (The same applies to c being a fraction.)

In contrast, autocorrelation has the disadvantage that all multiples of the
base frequency produce an equal amplitude if the input signal is periodical. To
reduce this effect, further computation steps are necessary, as described e.g. by
[TK00].

Psychoacoustic Features

Many descriptors capture properties of the audio signal that are not directly
linked to perception. [MB03] evaluate a set of descriptors that explicitly aim
to model a specific aspect of the human hearing system, called psychoacoustic
features; they were computed using models of the ear. Besides loudness, also
roughness and sharpness are considered.

Roughness is the perception of temporal envelope modulations in the range
of 20-150 Hz; it is maximal at 70 Hz and is assumed to be a component of
dissonance.

Sharpness is related to spectral density and to the relative strength of high-
frequency energy.

Classification results for this feature set were inferior to MFCCs (62% accu-
racy for the psychoacoustic feature set, and 65% for MFCCs including temporal
changes of MFCCs; both sets were modeled by GMMs).
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Figure 2.7: Framewise root mean square levels of the example excerpts.

RMS Energy

RMS energy ([PV01, VSDBDM+02]), also known as RMS amplitude, RMS
power, and RMS level, is a time-domain measure for the signal energy of a
sound frame ([OH04]):

RMSt =

√

√

√

√

1

N

N−1
∑

k=0

s[k]2 (2.9)

where s[k] denotes the time-domain sample at position k of the frame.

As RMS is computationally inexpensive, easy to implement and gives a good
loudness estimation, it is used in most audio analysis and genre classification
approaches. Besides being a part of a low level descriptor set (e.g. [BL03,
MB03]), RMS has been used to analyze different musical aspects:

• [TC99] use it as an indicator of new events for audio segmentation. Audio
segmentation could also be useful for improving genre classification ap-
proaches, e.g. by computing descriptors not for the whole audio excerpt,
but separately for each segment.
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• Tempo and beat estimation can also be based on the RMS values, which
approximate the time envelope ([DPW03, Sch98]).

• RMS is also linked to the perceived intensity, and therefore can be used
for mood detection (e.g. [LLZ03] use the logarithm of the RMS values for
each subband). But as can be seen from the illustration of the example
excerpts, this relation is not captured when taking only the RMS values of
the time domain audio signal without prior splitting into several frequency
bands (see also figure 2.3).

Results. When used for genre classification, RMS usually is not evaluated
separately. In [MB03], where the performance of single descriptors is listed,
RMS is ranked as the third best single low level descriptor (after rolloff frequency
and bandwidth); however, it should be remarked that this result surely can not
be generalized.

The RMS energy values of the example pieces are shown in table 2.7.
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Figure 2.8: Spectral centroid values of the example pieces.

The spectral centroid ([SS97, LSDM01, TC02, BL03, LLZ03, MB03,
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CVJK04, LYLP04, OH04]) of frame t in frequency-domain representation is
defined as:

Ct =

N
∑

n=1
Mt[n] ∗ n

N
∑

n=1
Mt[n]

(2.10)

It is the center of gravity of the magnitude spectrum of the STFT ([SS97]),
and most of the signal energy concentrates around the spectral centroid
([PV01]). The spectral centroid is used as a measure for sound sharpness or
brightness ([BL03, JA03a, PV01]).

As primarily the high frequency part is measured (coefficients for low fre-
quencies are small), this descriptor should be vulnerable against low-pass fil-
tering (or downsampling) the audio signal, and it is no surprise that in [BL03]
the mean of the spectral centroid is one of the features most vulnerable against
adding white noise to the signal.

In the visualisation of the examples showed in figure 2.8, it can be seen
that the spectral centroid produces acceptable results, yet the values for the
piano and zen flute examples are surprisingly low, and in the second half of
the choir example, some fluctuations without perceptional counterpart appear,
which might be caused by reverberation. The rhythmical structure of the blues,
indian and metal examples can not be easily discovered by eye; maybe com-
putational methods perform better, which could be an explanation for the fact
that in [JA03b], spectral centroid is used as a part of a feature set for realtime
beat estimation.

Results. Spectral centroid is also usually used as a part of a low level de-
scriptor set, and thus it is not easy to evaluate. In the aforementioned feature
ranking in [MB03], which is not to be generalized offhand, it is on rank eight of
nine (when not regarding temporal development of features; if this is the case,
spectral centroid does not appear in the top 9 features).

Spectral Flux

The spectral flux ([TC02, BL03, MB03, CVJK04, HAH+04, KHA+04,
LYLP04]), also known as Delta Spectrum Magnitude, is defined as ([TC02])

Ft =

N
∑

n=1

(Nt[n] − Nt−1[n])2 (2.11)

with Nt denoting the (frame-by-frame) normalized frequency distribution at
time t. It it a measure for the rate of local spectral change: if there is much
spectral change between the frames t−1 and t then this measure produces high
values.
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Figure 2.9: Flux values of the example pieces.

[LLZ03], [OH04] and [SS97] define the spectral flux as the 2-norm, instead
of the sum of squares (i.e. additionally, the square root is taken).

From the example excerpts (figure 2.9) it can be seen that the most aggressive
example (metal) has the highest flux values, while the calm pieces zen flute,
piano and choir have very low values. The electronic example has in spite of
its drums also low values; this might be due to a continuous synthesizer sound
which has a constant volume.

As spectral flux also is usually a part of a low level feature set, no distinct
information can be given about its contribution to classification accuracy; to
the author’s knowledge, [HAH+04] is the only source that gives an estimation
of its performance when using it as the only feature, which seems to be in the
mid-range.

Spectral Power

[XMST03] use also the Spectral Power defined as
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Figure 2.10: Spectral power values of the example pieces.

S (k) = 10 · log10
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n

N

)

∥

∥

∥

∥

∥

2


 (2.12)

where N is the number of samples per frame, s(n) is the time-domain sample
at position n in the current frame, and h is a Hanning window defined as

h(n) =

√

8/3

2

[

1 − cos
(

2π
n

N

)]

(2.13)

(definition according to [OH04], who use this descriptor for segmentation).
[XMST03] normalize the maximum of S to a reference sound pressure level

of 96 dB; they apply this descriptor (together with an LPC-related feature and
MFCCs) to the classification into pop and classic. As it is not used alone, no
statement about its performance can be derived.

When looking at the example pieces (figure 2.10), one thing that can be
noted is that the mean value seem to be better correlated to the perceived
energy than the loudness descriptors based on RMS values (tables 2.3 and 2.4);
this is confirmed by a look at the mean values of the spectral power descriptor
which are given in table 2.7.
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Choir Zen Flute Baroque Piano Indian Blues Metal Electronic
-58.4 -38.7 -32.4 -32.3 -24.8 -17.8 -13.7 1.7

Table 2.7: Mean of the Spectral Power values of the example excerpts.

Aside from this observation, it seems that the relationship between musical
events and spectral power seem to be complex: On the one hand, in the metal
example, the onset of a double bass drum can be clearly seen from around frame
1700, and the change in the texture of spectral feature values in the baroque
example at around frames 200 to 500 has a musical counterpart. On the other
hand, the very low variance of the values for the blues example are unexpected,
as the blues guitar sounds percussive and groovy.
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Figure 2.11: Framewise Rolloff Frequencies of the example excerpts (given as
frequency index, with 128 being the nyquist frequency, threshold 0.95).

Spectral Rolloff

For the Spectral Rolloff, or Spectral Rolloff Frequency ([BL03, CVJK04,
LYLP04, LSDM01, LLZ03, MB03, OH04, SS97, TC99, TC02]), the definitions
vary slightly, but express more or less the same:
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SRFt = max

{

f

∣

∣

∣

∣

∣

f
∑

n=1

Mt[n] < TH ·

N
∑

n=1

Mt[n]

}

(2.14)

For the Threshold TH, different values can be used: [CVJK04] use TH =
0.8, [LYLP04, TC02] use 0.85, [LSDM01] use 0.92, and [LLZ03, MB03, OH04,
SS97, TC99] use 0.95.

The spectral rolloff is a measure of the spectral shape ([BL03]); according
to [TC99] it measures its skewness (which can also be computed using central
moments of the frames frequency distribution).

In the literature cited in this work, no hint can be found how valuable this
descriptor is.

When gazing at the visualisation of the example excerpts (see figure 2.11),
the zen flute example stands out: although it is perceived as being a ’high’
instrument, the rolloff frequencies for long segments are low (under 20). Indeed,
this is not a bug: when looking at the spectrogram, it turns out that the ’high’
perception comes from the fact that the fundamental frequency is high (around
800 Hz); the low spectral rolloff values arise from the fact that the flute has no
succinct overtones, and thus most of the energy of its signal are also concentrated
below 800 Hz (i.e. approximately 15 on the depicted scale).

Statistical Moments

The statistical moments µi applied to the spectral representation of frame t are
([ERD04]):

µi,t =

N−1
∑

n=0
f i

nMt[n]

N−1
∑

n=0
Mt[n]

(2.15)

where fn is the (frequency of the) n-th frequency component. Obviously, µ0 is
the spectral centroid (i.e. a multiple of the spectral centroid).

For drum loop transcription, [GR04] use some further features for describing
the shape of the spectrum based on statistical moments:

• the spectral width: Sw =
√

µ2 − µ2
1

• the spectral asymmetry: Sa = 2(µ1)
3
−3µ1µ2+µ3

(Sw)3

• the spectral flatness: Sf =
−3µ4

1
+6µ1µ2−4µ1µ3+µ4

(Sw)4
− 3

The authors state that these features were selected from several feature sets
envisaged.

[ERD04] use this feature set, called Sx, for solo instrument recognition. In
their setup, they first tested an MFCC feature set, then adding ∆MFCCs, and
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Figure 2.12: The second and third statistical moment of the excerpts, with a
logarithmically scaled y-axis. For all excerpts the second moment is the one
with the smallest values, and the third moment the one with the biggest values.
The first statistical moment is the centroid, which is depicted in figure 2.8

then adding Sx. Although the average classification accuracy can be improved
(65,28% to 68,76%), it decreased for half of the instrument classes.

As they partly degrade classification results even in the domain they were
designed for, it is questionable if Sx would contribute to genre classification
tasks. A glance at the visualisation of the example excerpts (figure 2.12) does
not help to decrease this doubt; in this logarithmic representation, the first three
statistical moments seem to be more or less proportional.

Time Domain Zero Crossings

The definition of Time Domain Zero Crossings, also known as Zero Crossing
Rate (ZCR) or simply Zero Crossings, ([BL03, CVJK04, HAH+04, KHA+04,
LYLP04, LSDM01, MB03, OH04, SS97, TC02, XMST03]) for frame t is

Zt =
1

2

N
∑

n=1

|sign(x[n]) − sign(x[n − 1])| (2.16)
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Figure 2.13: Framewise zero crossing rates of the example excerpts.

where x[n] is the time domain signal for this frame, and N is the number of
samples in each frame.

According to [TC02] and [BL03] the time domain zero crossing rate is an
approximate measure of the noisiness of the signal; [LSDM01] and [SS97] state
that it is a correlate of the spectral centroid.

[KHA+04] claim that the zero crossing rate can be used as an indicator for
the presence of voice; but at least in the metal example (examples are showed
in figure 2.13), it can not be seen from the zero crossing values that towards its
end a voice sets in.

In the zen flute example, where a dominant fundamental frequency is present,
the zero crossing rate is a good indicator of pitch height. Contrary, for the choir
recording that is monophonic as well, the fundamental frequency can not be
seen as clearly. The obfuscation might be caused by reverberation, or by the
formants of human voice.

The increase of zero crossing values towards the end of the baroque example
has a musical counterpart: a solo part of a violin.

The high variances in the blues, indian and metal examples are most proba-
bly caused by the presence of percussive instruments (i.e. drums; furthermore,
sitar and guitar are plucked instruments). In the electronic example, low fre-
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quency components are louder, which may be the reason for the low zero crossing
values in this example.

Although zero crossing rate is used very frequently, it usually is part of a set
of low level descriptors, and therefore it is not clear how much it contributes to
genre classification accuracy; in the performance examination of single low level
descriptors in [MB03], zero crossing rate is in the mid-range (which should be
considered as a non-representative estimation).

2.2.3 Mpeg7 Low Level Audio Descriptors (LLDs)

Mpeg7 is a framework for standardized handling of files with audio and multi-
media contents. Mpeg7 low level descriptors (LLDs) are unique in that there
exist official definitions for them (in [mpe]); they are characterized as follows:

• Audio Waveform Descriptor: Minimum and maximum of the time do-
main samples for each frame. This descriptor is primarily intended for
visualisation purposes and is less interesting as an audio feature.

• Audio Power Descriptor: Mean of the squared time domain sample values
for intervals of the length hop size. This descriptor is very similar to RMS.

• The Audio Spectrum Envelope Descriptor describes the audio power spec-
trum between loEdge and hiEdge in a logarithmical manner (i.e. the
frequency bins are spaced logarithmically). The frequencies below loEdge
and above hiEdge are combined to each one value. The audio spectrum
envelope mainly serves as a basis for further computations.

• Audio Spectrum Centroid: This is an analog to the Spectral Centroid,
with the difference that it is defined not on the linear power spectrum,
but on logarithmically spaced frequencies.

• Audio Spectrum Spread: A measure similar to the bandwidth descrip-
tor, but (like the audio spectrum centroid) also defined on logarithmically
spaced frequencies.

• Audio Spectrum Flatness: This is a measure of the deviation of each
frame’s power amplitude spectrum from a flat line. It is calculated for
several logarithmically spaced (and partly overlapping) frequency ranges.
The audio spectrum flatness of a subband is defined as the ratio of the
geometric and the arithmetic mean of the squared absolute DFT values.

• Audio Spectrum Basis and Audio Spectrum Projection Type are used for
projecting high-dimensional feature vectors to a lower-dimensional space;
they are not elaborated on here.

• For Audio Fundamental Frequency no concrete implementation is given,
but it is recommended to use the same as for Audio Harmonicity, which
on its part contains the two measures
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Harmonic Ratio which is a measure of how periodic the signal is,
calculated as the maximum value of the normalized cross correlation of
the frame, and

Upper Limit of Harmonicity, which is the frequency above which the
signal is not periodic anymore. It is obtained by comparing the frequency
spectrum of the original signal to a comb-filtered version of the original
signal. The comb filtering removes the periodicity found in the calculation
of the harmonic ratio described above.
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Figure 2.14: Mpeg7 audio spectrum centroid values of the examples.

Additionally, there are some descriptors (called timbre descriptors) that are
mainly designed for usage on an entire audio segment by high-level timbre de-
scriptors built on them. For the use on an audio segment, the mean of the values
of the descriptor for a sliding window is taken where applicable.

Some of these descriptors have two basic steps in common: Estimation of the
fundamental frequency (for whose implementation an autocorrelation method is
proposed), and harmonic peaks detection. The latter refers to amplitudes and
frequencies of peaks located near integer multiples of the fundamental frequency.
An implementation is suggested that analyzes the power magnitude of the FFT.

• Log Attack Time: The logarithm of the time between the start of the
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Figure 2.15: Mpeg7 spectral flatness of the examples.

temporal signal envelope of the audio segment and the moment the enve-
lope reaches its stable part. No formal implementation is given, but as an
informal algorithm it is proposed to take the time between the moment
the signal envelope reaches the 2%-level of its maximum value, and the
moment it reaches its maximum value (also, it is possible to take 80% of
its maximum value).

• Harmonic Spectral Centroid: An analogue to the spectral centroid, com-
puted from the harmonic peaks.

• Harmonic Spectral Deviation: The deviation of the actual logarithmically
scaled amplitudes of the harmonic peaks from their smoothed envelope. to
estimate the envelope value of a harmonic peak for a frame, the proposed
algorithm uses the average amplitude value of the three adjacent harmonic
peaks.

• Harmonic Spectral Spread: The standard deviation of the harmonic peaks,
weighted by their amplitudes, and normalized by the harmonic spectral
centroid.
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Figure 2.16: Mpeg7 audio spectrum spread values of the examples.

• Harmonic Spectral Variation: The normalized correlation of the harmonic
peaks of two adjacent frames.

• Spectral Centroid (defined as in section 2.2.2).

• Temporal Centroid: Analogue to the spectral centroid, but applied to the
energy envelope: It is the point in time that indicates the center of gravity
of the energy envelope.

• Silence: No concrete definition of silence is given, but a silence detec-
tion algorithm is proposed. According to the definition, detected silence
should be tagged with a confidence value (how likely the silence detection
algorithm result is correct).

Results. [All01] investigates Mpeg7 LLDs for the use of audio fingerprint-
ing, and obtains for the Spectral Flatness Measure high recognition rates for
distorted and downsampled sounds (between 97.9% and 100.0% on a music col-
lection containing 15.000 tracks).

[BL03] use Audio Spectrum Centroid, Audio Spectrum Spread, and two
variants of Harmonic Ratio for classification of general audio and for genre
classification; the results for this specific subset are unclear, as they are used
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Figure 2.17: Mpeg7 harmonicity ratios of the examples.

together with other descriptors, and additionally a feature selection process was
applied.

[CW03] investigate the usability of Mpeg7 LLDs for genre classification by
training a Self Organizing Map and get reasonable results; in this work no
classification accuracies are measured.

[HAH+04] use the Audio Spectrum Envelope Descriptor and the Spectral
Flatness Measure in a like manner as MFCCs and obtain better classification
results than with MFCCs; from the paper it is not fully apparent how features
are processed (i.e. combined).

[KHA+04] compare the Spectral Flatness Measure directly to MFCCs; in
their setup, the Spectral Flatness Measure outperforms MFCCs both when using
GMMs (with different classification approaches) and Vector Quantization with
k-NN. Classification results were measured by constructing 21 ranked lists of
most similarly measured items for 21 test pieces; each of the test pieces had
a close stylistic counterpart, whose average list positions were calculated, and
used as a performance measure.

The timbre descriptors – although being designed for describing segmented
audio, which hints towards describing sections of complex audio – seem to be pri-
marily useful for monophonic sources (e.g. instrument sound description like in
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Figure 2.18: Logarithm of the Mpeg7 fundamental frequencies of the examples.

[PMH00]), as a bigger part of them are based on estimating only one fundamen-
tal frequency. Consequently, [BL03] explicitly exclude them from their general
audio and music genre classification approach. To the author’s knowledge, there
has been also no other attempt to use them for music genre classification.

Discussion of the example pieces. As expected, for Mpeg7 audio power,
the values are similar to RMS (but differently scaled); they are not depicted
here.

The Mpeg7 Audio Spectrum Centroid (figure 2.14) seems to capture the
perceived brightness better than the spectral centroid in its normal definition,
which is most apparent in the zen flute example, that is perceived as being
bright despite most power being concentrated in frequencies below 1000 Hz.
Also, the perceived constance of the choir example is captured better (i.e. lower
local variance of the values). Furthermore, in the electronic example, beats are
visible more clearly, as the in-between-beat values are corrected downwards.

It is not easy to interpret the Mpeg7 Audio Spectrum Flatness (figure 2.15)
measure, as it does not give the overall frequency distribution, but (as already
said) the deviation of the spectrum from a flat line. Nevertheless, some remarks
can be made: The rhythmical structure of the electronic excerpt is clearly vis-
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Figure 2.19: Mpeg7 upper limits of harmonicity values of the examples.

ible; and also the solo violin part towards the end of the baroque example can
be seen (from around frame 1500). In general, the noisy metal piece seems to
have higher values than the calm choir, piano and zen flute examples.

The Bandwidth is the descriptor most similar to Mpeg7 Audio Spectrum
Spread (figure 2.16); in the examples, bandwidth is able to depict the solo violin
part better, but seems to be more obfuscated in the other examples (e.g. it has
a higher variance for the choir and piano pieces, which is closer to perception).

Obviously, the two monophonic pieces choir and zen flute have the high-
est average harmonicity ratio (figure 2.17), while the noisy metal piece has the
lowest. The mellifluous piano sonata is also represented well. It is interesting
to note that in the electronic example, which sounds harmonic except for the
drums, the harmonicity rate has short valleys corresponding to the drum on-
set times. Only for the baroque example would one intuitively expect higher
harmonicity ratio values than for the indian piece (which is not the case).

A closer look at the Mpeg7 Fundamental Frequencies depicted in figure 2.18
on which the Harmonicity Rate is based, is a little bit surprising: only the
fundamental frequencies of one of the two monophonic examples are estimated
correctly: the melody line from the choir piece can almost be read from the
fundamental frequency values. In the zen flute (like in the other examples,
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which are polyphonic) this descriptor gives an relatively unstable estimation;
maybe results could be improved by using a median filter.

The Upper Limits of Harmonicity (see figure 2.19) do not seem to be stable,
and it is questionable if they are a useful descriptor in this implementation
(although an effort was made to come as close as possible to the definition in
[mpe]).

Summary and Conclusions. Most of the Mpeg7 LLDs have counterparts
defined on a linear frequency scale; to the author’s knowledge, they have not
been directly compared for genre classification tasks. From the examples, it
seems that the Mpeg7 LLDs are slightly better.

Also, as far as a judgment can be based on the examples, Harmonicity Ratio
is recommendable, although the fundamental frequency estimation it is based
on could be improved.

Contrary, Upper Limits of Harmonicity should not be used in the state
presented here.

To judge from the published results, Spectral Flatness Measure could be an
alternative to MFCCs, or maybe both descriptors could complement each other.

2.2.4 Timbre-Related Descriptors

Timbre is referred to as that what makes different sounds with the same fun-
damental frequency and same loudness distinguishable for the human ear (e.g.
[SH04, Tza02]). Usually, timbre-related features do not take into account the
time structure of the audio data. Instead, they are designed to model the over-
tone structure that appears in a track.

As some timbre aspects can be captured by LLDs, frequently a varying
subset of LLDs is called timbre descriptors (e.g. [TC02, BL03]). Nevertheless,
there have been also more elaborate approaches to describe timbre similarity;
two of them are described here: the clustering of MFCCs , and the spectrum
histogram.

Clustering of MFCCs

The basic idea behind this approach is to summarize “similar” MFCC vectors
to get a compressed representation of the sounds that appear in a track: Sim-
ilar MFCC vectors are grouped by applying a clustering technique, and the
compressed representation consists of the description of the clusters. The de-
scription usually has the parameters mean values, number of vectors in each
cluster, and variances of each cluster, where a multivariate normal distribution
is assumed.

This compressed representation is mainly used for music similarity compu-
tation (by defining distance measures on the cluster data), but could also be
used for classification (e.g. in a similar manner as in [BEL03]: for each class, a
probability distribution is calculated that represents the characteristics of this
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class. To classify an item, it is estimated how well it fits in each class, i.e. the
likelihood that a specific distribution has produced this item).

To obtain the clusters, there are two ways: the first is to apply only k-means
clustering, and describe each cluster as a multivariate gaussian distribution.
The second option is to use the k-means clustering result as an input to a more
elaborate algorithm, the EM-Algorithm. The result of the latter consists also
in a set of multivariate gaussian distributions, called gaussian mixture model
(GMM).

Several ways to compare the distributions exist: Generally, probability dis-
tributions can be compared by the KL-Divergence (or relative entropy). But
for GMM, it is not applicable, as no closed form (i.e. finitary expression, with-
out e.g. involving infinite series, or use of recursion)1 of the KL-Divergence for
GMMs is known. So a few alternatives have been published. One of these ap-
proaches is to apply the Earth Mover’s Distance (EMD) to calculate the “mass
of earth” that has to be transported to make the models equivalent.
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Figure 2.20: Spectrum histograms of the example pieces (level vs. bark band).

1explanation from http://en.wikipedia.org/wiki/Closed form
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Spectrum Histograms

[PDW03] introduce the spectrum histogram (SH) to describe the spectral shape
of an audio excerpt: First, the audio signal is divided into 20 bark-scaled bands,
from which each represents one critical band of the human ear. Afterwards,
frequency masking and unequal perception of loudness in the different bands
is modeled. Finally, the piece of music is summarized by counting how often a
loudness level (given in Sone) is reached or exceeded in each frequency band. The
result of this process is a two-dimensional histogram (abscissa: 20 bark bands,
ordinate: 50 discrete strength levels) that can be compared by interpreting them
as 1000-dimensional vectors in an Eucledian space.

In this work, using the SH better classification rates were obtained than the
approaches from [AP02c] and [LS01] based on clustered MFCCs.

Figure 2.20 shows the SH values of the example excerpts.

2.2.5 Rhythm-Related Descriptors

The Smallest Pulse (Tick, Tatum, Attack-Point)

The smallest pulse into which a rhythm can be divided was given different
names: Tick (the name under which it will be referred to here, used in e.g.
[GHC02, GDPW04]), Tatum (e.g. [UD04]) or Attack-Point. More technically,
it is defined as the metric grid which most highly coincides with all note onset
times ([UD04]). The tick can be useful to segment rhythmic sounds or music
excerpts; it can be computed from IOIHs ([UD04, GHC02]) which are described
in the next section.

Inter-Onset Intervals, IOI-Histograms and IOI Clustering

An inter onset interval (IOI) ([DPW03, GHC02, GDPW04]) is the interval be-
tween two note onsets. When computing them, note onset detection can be
based on amplitude envelope estimations.

Into an inter onset interval histogram (IOIH) all appearing IOIs are in-
scribed, where the abscissa values are different IOI lengths, and the ordinate
values represent IOI recurrences. There are two basic forms of IOIHs: in
the one form only inter-onsets of successive onsets are used, and in the other
([GHC02, GDPW04]) all pairs of onsets are taken into account.

The result is an IOIH that resembles a frequency distribution, with the
tick being an analogue to the fundamental frequency. Based on this analogy,
[GHC02] and [GDPW04] apply a set of features on the IOIH that is otherwise
used for frequency analysis. Among these features are: mean, total energy,
centroid, kurtosis, “high-frequency content”, skewness of the IOIH magnitude
distribution based on the central moments, and an analogue to the MFCCs.
Noteworthy are also the geometric mean of the IOIH magnitude distribution,
and the IOIH flatness. The geometric mean is defined as
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Figure 2.21: IOIH histograms of the examples, where only successive onsets are
taken into account. Each bin corresponds to 1

100 second.

gmean =

(

∏

i

xi

)1/N

(2.17)

where {xi}i=1..N are the IOIH samples; the IOIH flatness is defined as
ln(gmean) − ln(mean).

[DPW03] use an IOI clustering technique to extract tempo, meter and style.
According to [GDPW04], this IOI clustering is in many ways similar to an IOI
histogram containing all pairs of onsets.

Results. Both [DPW03] and [GDPW04] evaluate the extracted descriptors on
sets of dance music. For the latter, classification rates up to 78.9% were achieved
whitout the use of metadata (i.e. the correct tempo). One should be aware that
all these classes would probably be in only one genre when considering not only
dance music, but also various other kinds of music.

The IOIHs of the example pieces (figures 2.21 and 2.22) show reasonable
results only for choir and electronic, which might be caused by the failure of the
used function for onste detection.
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Figure 2.22: IOIH histograms of the examples, where all onsets are taken into
account. Each bin corresponds to 1

100 second.

Beat Spectrum

[XMST03] calculate beat spectra ([FU01]) as descriptors for music genre classifi-
cation: First, a similarity-matrix is computed by comparing the spectral frame
representations of an audio excerpt pairwise (like e.g. in [Foo99]). The beat
spectrum is calculated by finding periodicities in the similarity matrix, which
can be done by summing the diagonals or by applying autocorrelation.

The usefulness of the beat spectrum for genre classification can not be esti-
mated from these works, as in [XMST03] it gets obfuscated as it is used together
with other descriptors, and in the other works no genre classification experiments
have been done.

Beat Histogram

A beat histogram ([BL03, CVJK04]) is a histogram that shows how much peri-
odicity is in a signal for each given time lag (i.e. tempo). A common algorithm
outline for computing beat histograms consists of the following steps that might
be implemented with slight differences (illustrated by the implementations de-
scribed in [TC02] and [Sch98]):
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Figure 2.23: Beat histograms of the example excerpts. The y-axis is cut of
at 1.5; the only example that exceeded this limit was electronic, which had a
maximum amplitude of approximately 6.

• Filterbank decomposition. Both [TC02] and [Sch98] use an octave band
decomposition.

• Calculation of amplitude envelope. Both authors use a standard envelope
extraction technique: The time-domain signal for each octave is recti-
fied, low-pass-filtered and downsampled; [Sch98] uses convolution with a
Hanning-window for low-pass-filtering and mentions several positive ef-
fects of it, while [TC02] uses a simple one-pole FIR filter that operates on
only two time-domain samples.

• Periodicity detection. For this step, the aforementioned techniques auto-
correlation and comb-filterbank are applicable. [TC02] uses an enhanced
autocorrelation method (with reduction of the effect of integer multiples
in the autocorrelation result), while [Sch98] examines the half-wave rec-
tified first-order-difference signal of each octave band for periodicities by
applying a comb filterbank to it.

• Beat histogram construction. To get the actual beat histogram, for each
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tempo bin the amplitudes for each octave band for this tempo are summed
([Sch98]); optionally, before summation for each octave band only the n
(e.g. n = 3) highest peaks in the periodicity function are kept, and the
rest is discarded ([TC02]).

Once the beat histogram is computed, various kinds of information can be
extracted from it:

• Period-related. In [TC02, CVJK04], the period of the first and second
peak in bpm is used. [TC02] state that in a small-scale study, in 18 of 20
cases the first (i.e. highest) peak corresponded to the tempo of the piece.

• Beat strength. [TC02, CVJK04] use the overall sum of the histogram as
“indication of beat strength”; [BL03] evaluate several statistical measures
to estimate beat strength: they calculate mean, standard deviation, mean
of the derivative, standard deviation of the derivative, skewness, kurtosis
and entropy of the beat histogram.

• Rhythmic regularity. [BL03] use the normalized autocorrelation function
of the beat histogram to calculate how periodically the peaks are spaced.
High values indicate a “high rhythmic regularity”.

• Amplitude-related calculations. [TC02, CVJK04] compute several ampli-
tude ratios: the ratio of the amplitude of the second peak divided by the
amplitude of the first peak, and the relative height of the first or second
peak to the sum of all amplitudes in the beat histogram.

Of course, in the case of the autocorrelation method, for the length of the
audio excerpt over which the beat histogram is calculated, different values are
possible. [TC02] uses a framesize of approximately 3s for each autocorrelation
computation (the final feature vector consists of mean and standard deviation of
the above-mentioned values for each single beat histogram). The method pro-
posed in [Sch98] does not need a decomposisiton of the audio signal into frames,
as the outputs of the comb filterbank allow to calculate the beat histogram con-
tinuously (although for beat prediction, the phases of the comb filters have to
be checked in a regular interval, for which the author proposes a rate of at least
15 Hz).

Results and examples. In the cited literature, no individual classification
accuracies that are only based on beat histograms are given. In [Sch98], only
the success levels for tracking beats correctly are evaluated.

In their comparison of several descriptors, [BL03] rank the beat histogram
entropy as the second most stable descriptor against adding noise to the signal;
they computed the beat histogram with the method from [Sch98], i.e. applying
a comb filter bank.

In the examples illustrations (shown in figure 2.23) that are computed using
a reimplementation of the method described in [TC02], fewer peaks are visible
than in the examples given in [TC02]. This might be caused by the use of
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shorter example excerpts. For the electronic and zen flute pieces, results are as
expected (the fact that there are three peaks in the “electronic” beat histogram,
might be caused by the sequencer sounds). Finally, at least for the blues and
metal excerpts stronger peaks would be desirable.
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Figure 2.24: Periodicity histograms of the example pieces (tempo vs. bark
band). The tempo range is 40 to 240 bpm, each bin corresponds to a range of
5 bpm.

Periodicity Histogram (PH)

The idea of beat histograms is enhanced in [PDW03]. The main differences are
that instead of an octave-band decomposition a psychoacoustically motivated
bark/sone representation is used, and that the histogram is more differentiated
given in a two dimensional representation. The second dimension comes in
by dividing the audio excerpt into 12-second representations, calculating the
beat-histogram-like representation for each of them, and finally counting for
each tempo in how many 12-second representations a specific strength level was
reached or exceeded. So one dimension gives different tempi, and in the other
dimension it is represented how often a specific strength level was reached or
exceeded.



2.2. Review of Some Commonly Used Descriptors 44

Two periodicity histograms can be compared by regarding them as vec-
tors in eucledian space, and applying the well-known distance metrics to them.
[GDPW04] compute several descriptors from the PH, among them those used
by [TC02] for beat histograms, transferred to PHs.

Results. In the evaluation carried out in [GDPW04], results for the descriptor
set based on PHs were inferior to the MFCC-like descriptors based on IOIHs
(56.7% and 79.6% for the best accuracies). In [PDW03], results obtained from
the PH descriptors were worse than Spectrum Histograms and the approaches
from [LS01] and [AP02c, AP02a].

PH values for the example excerpts are shown in figure 2.24.

2.2.6 Pitch- and Melody-Related Descriptors

Features of this kind target the extraction of the harmonic and melodic content
of the audio excerpt, abstracting from the pure spectral (or timbral) content.

In the human brain, pitch is represented in two dimensions, known as pitch
height and pitch chroma ([WUPG03]). Pitch chroma refers to the phenomenon
that sounds with fundamental frequencies that lie (exactly) one or more octaves
apart sound equivalent (although they are far apart when measured e.g. in
semitones). This dimension is well-suited for representing melodies, and is also
used for describing harmonic content.

In contrast, pitch height is directly related to the absolute frequency. This
dimension is used by the brain when segregating notes into streams from sepa-
rate sound sources ([OH04]).

Pitch-Height

[GLCS95] introduce an autocorrelation algorithm for determining the pitch
height of solo humming. [MB03] and [LSDM01] use a modification of this al-
gorithm for pitch detection in polyphonic music. [OH04] use a like approach
based on [DH02] that is an autocorrelation pitch estimator which uses heuris-
tics. These autocorrelation methods were originally intended for use only with
monophonic music; the reason why they are also used for polyphonic music pitch
estimation is that it is practically infeasible to extract the predominant pitch
from a complex mixture of pitches (i.e. polyphonic music) [OH04].

Pitch-Chroma

To model pitch-chroma, usually simply the spectral representation is “folded”
into twelve bins, each representing a semitone, by discarding octave information
([DH02]; [OH04] contains several further references).

Folded / Unfolded Pitch Histogram

[TC02] use a slightly different approach to describe the appearing pitches in
an audio excerpt: the audio signal is divided into two frequency bands (below
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Figure 2.25: Unfolded pitch histograms of the example excerpts. The y-axis was
cut off at a pitch strength of 250, only zen flute exceeded this value (reaching a
limit of approximately 500).

and above 1000 Hz), and then a procedure like for extracting beat histograms
is used (i.e. amplitude envelope extraction for each band, summing of the
two amplitude envelopes, and then application of an enhanced autocorrelation
function). The frame length for each computation is 23 ms, so that the peaks
in the autocorrelation function correspond to the main pitches segment.

As each musical note (on a given scale) corresponds to a specific pitch,
each of the histogram peaks can be assigned to a specific musical note, e.g.
denoted as a MIDI note number (together with the strength level reached in the
autocorrelation function).

This information is further treated in two different ways, aiming at the di-
mensions pitch height and pitch chroma: for pitch height calculations, the origi-
nal version of the histogram is maintained (called “UPH”, unfolded histogram),
while for pitch chroma related features all notes of the histogram are mapped
to a single octave by taking each note number modulo 12 (“FPH”, folded his-
togram). Then the FPH is further processed so that adjacent histogram bins
represent not notes that lie one semitone apart, but one fifth (i.e. 7 semitones).
This might be to distinguish pieces with simple harmonic structure from those
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Figure 2.26: Folded pitch histogram examples.

with complex harmonies: With these bin distances, the subdominant and dom-
inant are the two neighbors of a bin.

From UPH and FPH, several features are extracted ([TC02]):

• Amplitude-related. The amplitude of the highest peak of the folded his-
togram is used as an indicator for how much harmonic richness the track
shows. The overall sum of the histogram measures how well the pitch
detection algorithm has worked.

• Pitch-related. The range of the highest peak of the unfolded histogram
bears information about “the octave range of the dominant musical pitch
of the song”([TC02]). In the folded histogram, the maximum peak indi-
cates the main pitch class of the track. The main tonal interval relation
can be obtained by determining the interval between the highest peaks of
the folded histogram.

Unfolded and folded pitch histograms of the example pieces are given in
figure 2.25 and 2.26, respectively.
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2.2.7 Concluding Remarks

In this chapter, an overview of most audio descriptors used for music analysis
purposes was given. It was demonstrated that some descriptors capture similar
aspects of music (e.g. amplitude envelope, RMS energy, and spectral power),
while certain properties (e.g. if vocals are present) don’t seem to be captured
by the descriptors mentioned here. In the table of contents the descriptors are
listed together with the page number where the corresponding description can
be found.

In the following chapter, it is explained how the descriptors that are imple-
mented in the T-Toolbox can be practically used.



Chapter 3

Implementation Overview

The implementation part of this thesis is a toolbox for Matlab, called T-Toolbox.
This chapter gives an overview of the T-Toolbox: First, it is motivated why this
implementation has been done. Then the purpose, structure and main compo-
nents are introduced. Afterwards, it is described for what kind of experiments
the implemented toolbox can be used; and finally, an implementation walk-
through is given.

3.1 Motivation

In this section, first some existing frameworks and toolboxes for feature extrac-
tion from audio are described. Then it is explained which gap is intended to be
filled by the implementation done in this masters thesis.

3.1.1 Description of Other Existing Frameworks and Tool-
boxes

...for the C / C++ Language

Maaate. Maaate [PV01] is an audio analysis toolkit designed mainly by Silvia
Pfeiffer at the Australian Commonwealth Scientific & Industrial Research Or-
ganisation (CSIRO). This C++-API operates on audio data in the compressed /
frequency domain (i.e. it operates on mp3 files without prior conversion into the
time domain). Many simple audio statistics are implemented (except the time-
domain statistics and MFCCs), but no clustering or classification techniques are
available.

Marsyas. George Tzanetakis designed a framework for music analysis during
his PhD thesis, called Marsyas1 (“Music Analysis, Retrieval and Synthesis for

1information in this section according to the project website
http://marsyas.sourceforge.net/

48
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Audio Signals”). Marsyas is a framework designed to provide building blocks for
music analysis programs, for example sound file and audio I/0 routines, signal
analysis and machine learning algorithms. These building blocks can be used in
two ways: either by high-level interaction (through a graphical user interface,
or high-level script language), or by low-level usage, that means, by writing a
program that uses the code.

Since it started in 1997, Marsyas underwent two major redesigns; the latest
version (0.2) was just released.

CLAM. CLAM is a versatile “C++ Library for Audio and Music”, written
to be platform independent. It integrates sound analysis, MIDI and graphic
routines. To use CLAM, according to the documentation, “a good level in object
oriented C++ programming experience is needed”2, as the graphical interface is
still under development. (The version that can be found on the CLAM-website
is a beta version.)

...for MATLAB

Li et al. In [LSDM01], the authors describe a toolbox they implemented
for the task of discriminating continuous general audio data (GAD) into the
categories silence, single speaker speech, music, environmental noise, multiple
speaker’s speech, simultaneous speech and music, and speech and noise. This
toolbox seems not to be available to the public anymore.

IPEM Toolbox. The IPEM Toolbox is a collection of MATLAB routines
designed for perception-based music analysis. All music features are extracted
after applying a model of the ear to the signal (the signal is then given as
the firing rates or patterns of neurons at 40 bands). According to the online
information3, the project is far from being complete, as many planned modules
are not implemented yet.

Auditory Toolbox. In the Auditory Toolbox by Malcolm Slaney, six types of
auditory time-frequency representations are implemented, including not only the
FFT and MFCCs, but also three different algorithms to model the properties
of the human ear. Although a correlogram is implemented, this toolbox is
not designed for calculating simple audio statistics, comparing different audio
excerpts, or even classify them.

MA-Toolbox The MA-Toolbox ([Pam04])4 offers several high-level functions
useful for MIR research. These include computation of MFCC and sone rep-
resentations of an audio file, functions for clustering the frame-based represen-

2http://www.iua.upf.es/mtg/clam/ReleaseDocumentation-html/page0001.html#h000008,
retrieved 23 / 8 / 2004

3http://www.ipem.ugent.be/Toolbox/IT PaperMeeting.pdf, retrieved on 23 / 8 / 2004
4http://www.ai.univie.ac.at/ elias/ma/index.html
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tation of the audio excerpt, and calculating distances between cluster repre-
sentations. Furthermore, some recent approaches for music similarity measures
are implemented, including Spectrum Histograms, Periodicity Histograms, and
Fluctuation Patterns.

With the MA-Toolbox, for example experiments similar to those presented
in [AP04] can easily be done with few prior installation effort.

3.1.2 Motivation for the T-Toolbox

Many people that are involved in MIR are familiar with Matlab, as it is a
programming environment that is easy to use and has a high computational
performance. Installing a Matlab toolbox is simple, and usually no compatibility
problems occur (e.g. with different compiler versions or -vendors). These points,
together with the fact that procedural Matlab code usually is shorter and easier
to understand than code written in an object-oriented programming language,
make it well-suited for implementing MIR-related functions.

The MA-Toolbox is the only currently available collection of Matlab func-
tions for computing descriptors that are frequently used in MIR. The T-Toolbox
should provide some of those descriptors that are not implemented in the MA-
Toolbox, and also make the machine-learning algorithms of WEKA available
for doing machine learning experiments with the extracted feature data.

3.2 Introduction

3.2.1 Typical Usage Scenario

The typical usage scenario that the toolbox is designed for is computation of
feature data for a song collection, and classification experiments for various
combinations of machine learning algorithms and subsets of the computed de-
scriptors.

Also, it should be possible for experimenters to implement and evaluate their
own algorithms in the framework provided by the toolbox.

3.2.2 Structure and Main Components of the T-Toolbox

The T-Toolbox is a collection of functions, that can be grouped into different
categories. These categories are: Feature Extraction, Visualisation Functions,
Data Maintenance, the WEKA-Interface and functions for classification / eval-
uation; they are shortly explained in the next sections.

Feature Extraction

The audio descriptors listed in table 3.1 are available in the T-Toolbox. Most
of them are implemented in the toolbox, but some descriptor functions already
existed as Matlab implementations (most notably those in the MA-Toolbox
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[Pam04]); they were not implemented again, but instead functions (called wrap-
pers) are provided to make the already existing implementations usable in the
T-Toolbox. Wrappers are functions whose main purpose is to call another func-
tion, making the function call and return values compatible to the conventions
of the framework.

Data Maintenance

As it usually takes a long time to compute descriptors for many pieces (e.g.
several days in the experiments made in the course of this thesis), computed
descriptor data can be stored. Descriptor data is packed into a uniform structure
(explained in detail in section 3.3.3), which simplifies handling of the stored data.

Visualisation Functions

Each descriptor function has a built-in visualisation function to show the
values that are computed for the current audio excerpt. For visualizing
the values a descriptor has for the pieces of different genres, the function
t_show_descriptor_for_genre is provided. Also, some visualisation of the
correlation of descriptors can be done with t_show_descriptor_correlation.

Data Conversion to and from WEKA

To call WEKA learning algorithms from Matlab with the descriptor data com-
puted with the T-Toolbox, several functions have been implemented (see section
3.3.5).

To make the output of a WEKA classification experiment available in Mat-
lab, the function t_parse_weka_output can be used to read confusion matrices
and classification accuracies.

Classifiers, Evaluation

It is not possible to provide complex distance functions to the WEKA clas-
sifiers; a complex distance function is for example the comparison of cluster
distributions with the Earth Mover’s Distance ([RTG00]), or via Monte-Carlo
sampling.

To make also experiments possible that are based on complex distance func-
tions (like e.g. in [AP04]), an n-fold cross-validation with a k-NN classifier has
been implemented in the T-Toolbox (for an explanation of these techniques, see
sections 4.2.2 and 4.2.3). This k-NN classifier is based on a distance matrix
containing all pairwise distances between pieces in the collection; the distance
matrix can be computed by an arbitrary function.

3.2.3 Design Principles

For the implementation of the descriptor functions, several principles have been
applied:
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• To the descriptor functions, online help is provided, which can be displayed
with the command help <descriptor name>.

• For most descriptors, a bibliographical reference is given. This specifies
the publication which the implementation was modeled on.

• Each descriptor function has a built-in test routine. If the descriptor func-
tion is called without parameters, the descriptor values for a standardized
test sound are computed and visualized. This is a basic test to see that the
function works properly, and more importantly gives an intuitive insight
into what kind of information the descriptor captures.

They intend to make the toolbox transparent, and be a basis for future exten-
sions.

3.3 Implementation Walk-Through

In the sections that follow the usage of the toolbox is shortly explained in
chronological order, i.e. in the order it usually is used: First, the names and
classes of the pieces that are in the collection are read in, then they are analyzed
by extracting descriptors, and finally machine learning algorithms are applied
to evaluate which discriminative power the descriptors have for the classes of
the current collection.

3.3.1 Starting

The files in the toolbox are organized into several subfolders; so first of all, it is
necessary to set directories appropriate. This can be done by calling

t_init;

when the current directory is the root directory of the toolbox.

3.3.2 Reading in the Collection

As most users have their personal music collection stored as mp3-files in one
common folder, which is organized by having multiple subfolders, this principle
is adapted as a starting point for the toolbox. The function call

data = readFiles(<root_folder>, "*.mp3")

searches the directory structure under the given root folder for mp3 files and
stores the pathnames of them in data.filenames{}. Data is a variable mainly
used for storing all filenames of the musical pieces and their genre memberships.

It is assumed that the folders directly under the root folders correspond to
the desired categorization, and thus they are assumed as being the genres.
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3.3.3 Audio Descriptors

The next step is to extract descriptors from the audio files. As MATLAB can
not read in mp3-files directly, the mp3-files have to be converted to wav-files
with the appropriate function found in the toolbox (convertToWav).

In table 3.1, the available descriptors are listed. To extract the descriptors,
the function t_feature_extraction can be applied.

Descriptor Name Function Modeled on

Simple Audio Statistics

Amplitude Envelope t_amplitude_envelope [BL03]
Bandwidth t_bandwidth [LSDM01]
Band Energy Ratio t_ber [LSDM01]
Low Energy Rate t_low_energy_rate [TC02]
Root Mean Square t_rms

Spectral Flux t_flux [TC02]
Spectral Power t_spectral_power [OH04]
Spectral Rolloff Frequency t_rolloff [TC02]
Statistical Moments t_moment [ERD04]
Zero Crossing Rate t_zcr [TC02]

Mpeg7-LLDs

Mpeg7 Fundamental Frequencies t_mpeg7_audio_harmonicity [mpe]
Mpeg7 Harmonic Ratios t_mpeg7_audio_harmonicity [mpe]
Mpeg7 Upper Limits of Harmonicity t_mpeg7_audio_harmonicity [mpe]
Mpeg7 Audio Power t_mpeg7_audio_power [mpe]
Mpeg7 Audio Spectrum Centroid t_mpeg7_descriptors [mpe]
Mpeg7 Audio Spectrum Spread t_mpeg7_descriptors [mpe]

Beat- and Melody-Related Descriptors

Pitch Histogram t_pitch_histogram [TC02]
Beat Histogram t_beat_histogram [TC02]
IOIH t_compute_ioih [BL03]

Wrappers

Descriptors from the MA-Toolbox t_ma_*

Mpeg7 Audio Spectrum Flatness t_mpeg7_descriptors

Simac Beat and Melody Estimation t_simac_descriptors

Table 3.1: Descriptors and wrappers that are available in the T-Toolbox. “Mod-
eled on” means that it was intended to make the implementation as close as
possible to the given source.

The descriptors that were computed are stored in an additional file that
takes the form <mp3-filename>.descriptors.mat,which can be found in the
same directory as the original mp3-file.

In this file, one variable is stored that is called descriptors_for_song.

This variable is a structure array containing the individual descriptors (i.e.
descriptors_for_song(k) is the k-th descriptor). In the next section it is
explained in detail how the information for a descriptor is stored.
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Descriptor Structure

To avoid confusion when using the extracted descriptors, and to support auto-
matic further processing and maintenance, the result values of the descriptors
are packaged into a cell structure that additionally carries meta information.

The fields of the descriptor cell structure are:

t_result_struct.descriptor_name

.type

.val

.function_name

.timestamp

.p

.history

For each field, the meaning and possible values are explained in the sections
that follow.

Descriptor Name. The field descriptor name contains a string that is in-
tended to describe the contained data and what is important about it. For all
pieces of an annotated music collection, this field should be the same for cor-
responding values (i.e. same parameters and same computation history), and
unequal for descriptors with different parameters and / or computation histories.

Type. For the field type the possible values are:

• ’scalar’: The descriptor is one single value for the whole audio excerpt
(e.g. low energy rate).

• ’histogram’: The descriptor produces a row vector that is a histogram
(e.g. beat histogram, beat spectrum, inter-onset-interval-histogram).

• ’time_series’: The descriptor values take the form of a row vector,
where each component is associated with a time slice of constant length
in the order of their appearance (e.g. one value per frame, or time domain
samples).

• ’frames’: The descriptor produces several values for each audio frame
(e.g. MFCCs). The value is stored as a # of values per frame by # of
frames matrix.

• ’complex’: The descriptor produces values that do not fit in the types
mentioned above (e.g. a list of onset times, as it is not a time series).

This field might be machine-read to invoke appropriate functions; e.g. there are
different functions for visualizing histograms and time series.
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Value. The val field holds the actual result value of the descriptor. The kind
of data contained is arbitrary, but must be consistent with the value of the field
type (e.g. if type == time series, the field val must be a vector).

Function Name. The name of the function whose result is contained in this
result structure is stored in the field function_name as a string. The function
name should be unique and the function should be within the Matlab path.

Time Stamp. In the field timestamp, the time of the last modification of
the function is stored. This is an important hint of the version, e.g. if the user
wants to make his own modifications to descriptor functions, or for debugging
and feature management.

Parameters. The parameters with which the function was called when the
result was produced are stored in the field p. This might be of interest if the
function is called several times with different parameters.

History. The field history holds an array of structures that allows a complete
recomputing of the current descriptor value. For that, it is necessary to compute
the input values for the current function, if they are not directly read from a
file. The fields of the n-th structure in the history are:

history(n).function_name

.p

.timestamp

These fields have the same meaning as mentioned above; the field timestamp

holds the date and time when the corresponding function was last modified.
As the functions for computing descriptors all have only 2 input arguments,

one containing the data and one containing the parameters, and the data ar-
gumtent is the output of previous function calls, it is only necessary to store the
parameters in the history.

Usually, the first entry in the history is the call to t_wavread. This function
allows to be called only with a parameters argument, without an additional
input argument containing data (i.e. in this case, the filename; it then is passed
to the function in the parameter struct). All subsequent function calls are built
from the function name stored in the history, the data that was the output of
the previous function, and the parameters stored in the history.

3.3.4 Processing of Descriptors

Once the descriptors are calculated, there are mainly two things that are done
with them: maintaining and classification. Maintenance includes e.g. renaming,
deletion and addition of new descriptors to the ones that already exist; for these
tasks, functions exist (e.g. t_add_new_descriptor).
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For classification, mainly the creation of arff files is interesting (although also
a k-NN classification and n-fold cross validation is implemented in the toolbox;
the concepts behind these techniques are explained in chapter 4). The interface
to WEKA is described in the next section.

3.3.5 WEKA Interface

There are two ways to use the extracted descriptors in WEKA; in both cases, the
first step is to create an *.arff file, which can be done by applying the function
t_build_weka_descriptors that prepares the data. This function contains a
conversion of more complex data types to scalars to make it manageable for
WEKA:

• For data of the type time_series, mean and variance of all values are
computed.

• For data of the type frames, mean and variance of the first five bins
are computed (e.g. the first five cepstral coefficients); this procedure is
consistent with [TC02].

• Data of the type histogram is split into five quantiles, and for each mean,
max and standard deviation of the values appearing in it are calculated.

A subsequent call to t_make_arff_file does the actual writing of the file.
After the *.arff file has been created, it can either be opened directly in the

WEKA experimenter, or the *.arff file can be used to call the command line
version of WEKA.

This can also be done automatically for several arff files, for different learning
algorithms and for several classification categorizations. The function that does
these calls is named t_weka_experiment_series.



Chapter 4

Evaluation Methodology

In this chapter, the methods are discussed that are used in chapter 5 for testing
the descriptors via classification. It is explained

• what aspects are important when choosing the music collection for evalu-
ation,

• on which pieces of music the evaluation is done, and how they are catego-
rized,

• which machine learning algorithms are used for classification,

• and which method is used to estimate their accuracy.

For the machine learning algorithms, the main concepts and ideas are described;
for a more detailed explanation, the interested reader is referred to the referenced
literature.

4.1 Compilation of a Music Collection

For the evaluation and thus for the development of good descriptors and clas-
sification schemes, it is important to have an appropriate set of music piecess
available.

4.1.1 Goals and Difficulties When Compiling a Test Col-
lection

Although there are some efforts ongoing to build standard databases for MIR
research ([GHNO02, Dow03, DFT04]), none of these approaches is yet practi-
cally usable. Each researcher still builds his own compilation of music suited
for the special task that is to be evaluated. In general, there are several aspects
that a good test collection should fulfill:

57
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• Correct class labeling of the pieces. Obviously, this requirement is the
basis for meaningful test results. For some classifications like e.g. artist,
album or year, it is not difficult to label the pieces correctly. For some
categorizations, objective labeling can easily be defined (e.g. if a piece
contains vocals). Unfortunately, it is not always a trivial task: For genre
classification, [HAH+04] report that even human expert listeners disagreed
on the genre of 30% of the test pieces; this may be due to the fact that
musical genre membership is often not clearly defined. The same may
apply to classes such as “mood”. A possible solution is to filter out these
instances for which a clear labelling is not possible.

• Representativeness. This requirement applies to two aspects: Which
classes are to appear in the database, and how the class distribution
should be. If the database is designed to serve as a test database for
a concrete real-word application, it could be recommendable that the ap-
pearing classes and the class distribution of the test database are the same
as in the final application. If the goal is to build a universally usable test
database (like e.g. in [GHNO02]), it is of course desirable to include as
many genres and styles as possible.

• Statistical stability (significance). The database should contain enough
pieces and variance within the classes that results obtained from it are sig-
nificant. Depending on the number of classes and the evaluation method,
the number of pieces at least needed could be in the range from 100 (e.g.
two classes, stratified leave-one-out) to e.g. 2.000. Although nowadays it
is generally not difficult to obtain e.g. 500 pieces, there might be impli-
cations depending on the effort to label the pieces with classes, or with
respect to class distribution.

• Availability to other researchers. To ensure reproducibility of the results
that were gained using the database, and for comparability with other
algorithms, it is desirable that each interested researcher should be able
to obtain the original collection. The main problem that arises here is
copyright issues.

4.1.2 How the Evaluation Difficulty Is Handled in the Lit-
erature

How the class labels are obtained

There are mainly two approaches to get reliable class labellings: either the labels
are obtained from a source that contains expert opinion, or the labeling is made
specifically for the classification experiments.

• [DPW03] and [GDPW04] use musical excerpts that were already labeled
with a genre or style when retrieving it (the labels were given on the CD
cover and the web resource they were obtained from, respectively).
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In [PDW03], the artist categorizations genre, style and “tone” were ob-
tained from allmusic.com.

The advantages of this approach are that the labellings are not made with
an application of music information retrieval in mind, and that they are
likely to have been made by experts.

Obviously, beside the fact that not for every collection such a labeling is
available, the disadvantage is that it is not clearly traceable.

• [MB03], [HAH+04] and [LLZ03] use collections that were labelled by hu-
man listeners (i.e. these labellings were done for the purpose of their
experiments).

[MB03] use a confidence measure how well each piece fits into the class
to assign the classes that were finally used, while [HAH+04] discarded the
aforementioned 30% of pieces on which the listeners disagreed.

Representativeness and Significance

Although these are aspects that play a role in each evaluation of MIR systems,
they are usually not mentioned explicitly in the literature. The ambition to
make experimental results statistical significant is expressed in the fact that
most researchers try to use music collections that are as large as possible, and
as large as the computational complexity of their algorithms will allow (up to
e.g. 8000 pieces, [LS01]). Also, it is mentioned only in few publications that an
effort was made to choose pieces of music that are representative for a real-world
scenario (e.g. [TC02]).

Availability

There have been systems proposed that allow different researchers to evaluate
algorithms on the same data; for example, [GHNO02] presents a royalty-free
music collection containing each piece as midi, audio, and (where applicable)
with the text of the vocals; however, for each genre only very few songs are
contained. [Dow03, DFT04] announces an internet-based system that allows
researchers to evaluate algorithms on music that is not royalty-free: the music
pieces are kept in a central data base, to which algorithms can be submitted for
remote execution, and evaluation results are sent back afterwards.

These approaches are not yet widely accepted by researchers, and so in most
publications still individual music collections are used, that are not available to
the public.

4.1.3 Music Collections Used in this Work

In this work three music collections are used for evaluation. Their contents,
annotation strategies and purpose are shortly described in the sections that
follow.
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Uniformly Distributed Collection Made from Magnatune Pieces

The first collection is a rather artificial compilation: it consists of 300 pieces,
divided into six classes each containing 50 pieces. Each class was chosen to be
as distinct from the others as possible, making it easy for a human listener to
classify nearly all of the pieces without a doubt.

All pieces were taken from magnatune, where the music is downloadable
under the creative commons license. For each class the 50 first pieces from the
beginning of a magnatune playlist were taken, so it can be assumed that they
were compiled by music experts. For easier reference, the class names are listed
in table 4.1.

Blues Electronic Gamba Indian Metal Piano

Table 4.1: Classes of the equally distributed song collection.

The main reason to use such a collection is that it might be interesting to
investigate these pieces that are not classified correctly: due to the distinctness
of the classes, there is a chance of finding out which properties of music are not
yet captured by the descriptors.

ISMIR ’04 Music Similarity Contest Training Collection

This collection was made publicly available1 as a training set for the genre
classification contest within the framework of the ISMIR2004 Audio Description
Contest. Like the uniformly distributed collection, it consists of pieces of music
published on magnatune.

This allows for comparing the classification accuracies to those obtained in
the contest. Also, this collection is a more realistic example than the uniformly
distributed collection.

In-House Collection

The in-house collection consists of 834 pieces, which are part of a personal music
collection; it was compiled by Markus Schedl ([Sch03]). The pieces were labeled
not only with genre, but also according to the categories listed in table 4.2; the
classes were assigned manually by one subject.

This collection was used for evaluating the fitness of the descriptor sets to
capture distinct properties of music.

1on http://ismir2004.ismir.net/genre contest/index.htm, http://magnatune.com (under
Creative Commons License)
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Categorization Classes (# of songs in class)

mood happy (29%), neutral (50%), sad (21%)

perceived tempo very slow (4%), slow (20%), medium (43%),
fast (24%), very fast (5%), varying (4%)

complexity low (18%), medium (56%), high (7%)

emotion soft (29%), neutral (44%), aggressive (26%)

focus vocals (6%), both (69%), instruments (26%)

genre blues (1%), classical (5%), electronica (13%),
folk (2%), jazz (1%), new age (5%), noise (0.1%),
rock (60%), world (10%)

Table 4.2: Categorizations of the in-house collection.

4.2 Description of the Framework and Proce-
dures

4.2.1 Descriptor Extraction

This section gives information about the way descriptors were extracted in the
experiments.

Audio Excerpts

All pieces in the three collections were given as mp3-files. To make them read-
able by Matlab, they were converted to wav-files using the lame2 decoder, and
downsampled to 11 kHz mono with sox3. The downsampling was done to reduce
storage needs. Finally, the 30 seconds centered around the middle of the pieces
were taken for descriptor extraction.

Computation Times

Most of the implemented descriptors do not have a significant computation
time when computed on 30-second excerpts; computation times are below half a
second on a 1.7 GHz processor. But a few descriptor algorithms had a significant
consumption of processing time. These were

2http://lame.sourceforge.net/
3http://sox.sourceforge.net/
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• Pitch Histogram and Beat Histogram in the implementation according to
[TC02], which had computation times of 50 and 7 seconds, respectively;

• the preliminary version of a melody estimation algorithm being developed
in the SIMAC project (40 seconds computation time on a 14-second ex-
cerpt);

• the Mpeg7 Audio Harmonicity algorithm, that needed 33 seconds to com-
pute.

The computation times of these algorithms were one of the reasons to chose
30-second excerpts, so that all descriptors could be computed on the same
excerpt. Only for the preliminary SIMAC melody estimation algorithm, the
excerpt length was shortened to 14 seconds due to computational complexity.

4.2.2 ML-Algorithms Used

In this section, the machine learning algorithms are described with which the
descriptors were evaluated.

Baseline

The baseline is the percentage of pieces classified correctly when always as-
signing the class that is most frequent in the training set to a piece that is to
be classified. In WEKA, the ZeroR classifier implements this behavior. Obvi-
ously, the baseline is the same for all descriptor sets, as it only depends on the
cardinality of the classes that form the training set.

K-Nearest Neighbors

Classification using the k-nearest neighbors technique is one of the simplest
classification techniques: Given the classes and feature values of the training
set and a distance measure in the feature space, the classes of the k instances
from the training set are determined that are nearest to the instance to be
classified. The class that appears most frequently is assigned to the instance to
be classified.

K-nearest neighbors is considered to be a lazy classification technique, as
the “learning” step consists only of comparing the distances of instances in the
feature space. It is a simple classifier, yet it produces decent results; one of its
advantages is that it can be applied if only the distance relationships between
the instances that are to be classified are known (which is the case for music
similarity measures, such as cluster model distances, for example).

Naive Bayes

Naive Bayes (e.g. [Hal99]) is a simple algorithm that produces surprisingly
good results in many cases. It assumes that the attributes are statistically
independent in each class. The a posteriori probabilities are estimated for each
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class by using the attribute values of the training instances. An item that is to
be classified is assigned to the class with the highest probability according to
the following formula:

p (Ci |v1, v1, ..., vn ) =
p (Ci)

∏n
j=1 p (vj |Ci )

p (v1, v1, ..., vn)
, (4.1)

where Ci denotes class i, and v1, v2, ..., vn are the attribute values of the item
that is to be classified.

Often the denominator on the right side is omitted, as its only purpose is
normalization (if this formula is applied to all classes using the same v1, ..., vn).

If the attribute values are discrete, the probabilities p(vj |Ci ) can be esti-
mated using Laplacian probability. If the attribute values are continuous, often
a normal distribution is assumed, but it is also possible to use kernel estimation4

to approximate the distribution more accurately.

ID3 / C4.5

ID3 [QUI86]5 is a decision tree learning algorithm: each branch is a decision
rule depending on only one attribute, e.g. “if attribute i has value v then go
on with subtree tv”. Once the tree is built, an instance is classified by starting
with the rule at the root, until a leaf is reached. Leaves are marked with the
class, into which the instance is classified.

The ID3 tree is built recursively (starting at the root): if all remaining
instances are of the same class c, the current node becomes a leaf, with the
rule “assign class c”; otherwise, the current node is expanded by choosing the
attribute for which information gain is maximal, and building a subtree for each
of its possibly appearing values.

Information gain is defined as

gain (S,A) = entropy(S) −
∑

v∈V

|Sv|

|S|
· entropy (Sv) (4.2)

where S is the set of remaining training instances at the current node, and
V is the set of attribute values from attribute A that appear in S. Sv are those
instances for those the attribute A has the value s. (Obviously, when maxi-
mizing information gain, entropy(S) and the division by |S| can be ommitted.)
entropy(Sv) is defined as

entropy(Sv) = −
∑

c∈C

p (c |v ) · log2 p (c |v ) (4.3)

with C being the classes that appear in S.

4an intuitive introduction to kernel estimation is given on
http://www.maths.uwa.edu.au/˜duongt/seminars/intro2kde/

5frequently cited and summarized on many web pages, e.g. on
http://www.dcs.napier.ac.uk/˜peter/vldb/dm/node11.html
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C4.5 [Qui93]6 is an enhancement of the ID3 algorithm: it is capable of
handling numeric attributes (by binary splits) and missing values, and it is
more robust against noisy data (i.e. it is more stable against overfitting).

Support Vector Machines

A Support Vector Machine (SVM) basically is a two-class learning algorithm
that performs linear separation; like all two-class learning algorithms, it can
be extended to a n-class learner (for example by constructing n one-versus-all
learning tasks).

The main idea behind the SVM is that the linear separation task is not done
on the n attribute values directly, but after transforming the n-dimensional at-
tribute space into a so-called feature-space of higher dimensionality. Depending
on the mapping function (also known as kernel function), many problems that
are not linearly separable in attribute space get linearly separable in feature
space; furthermore, it can be proved that the upper bound on the generaliza-
tion error does not depend on the dimension of the space (for details, see e.g.
[HJ00]).

The optimal decision boundary is the hyperplane which separates the two
classes and that has maximal distance to the closest datapoints from each class
(this hyperplane is called maximal margin hyperplane. Once the maximal mar-
gin hyperplane is computed, its position (and hence the computed model) de-
pends only on the points that are closest to it. These points are called support
vectors; they can be thought of as being the most informative data points.

Support Vector Machines (SVM) often produce good classification accuracies
even with small learning sets and many attributes.

Boosting

Boosting (e.g. [FS96]) is a technique to improve the performance of another
learning algorithm. The main idea behind it is to call the algorithm whose
performance is to be improved (called weak algorithm) several times with varying
subsets of the training data, and combine the several obtained hypotheses to
one final hypothesis of higher accuracy.

The number of times the weak algorithm is called is specified by the user;
in each of these iterations, a probability distribution D (initially: equal dis-
tribution) is used to select training instances with witch the weak algorithm
is executed. Depending on the classification outputs for this subset, a new
distribution is created for using it in the next iteration. The different boost-
ing algorithms differ in the way the distribution is modified, and how the final
hypothesis is made from the data obtained during the iterations.

AdaBoost ([FS96]) can significantly improve the classification accuracies
even of algorithms that produce results only slightly better than random. In this
thesis, AdaBoost is used with C4.5 and with decision stump ([Hol93, WNC+02]),

6also frequently cited and summarized, e.g. on http://www.cs.ust.hk/
qyang/221/Lectures/dtree2.pdf
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which is a simple decision tree with only one split (whose construction is based
on entropy).

M5

M5 ([Qui92]) is the classical model tree algorithm. Model trees are similar to
decision trees, they only differ in that their leaves are not class labels, but
multivariate linear models; they can be considered as representing piecewise
linear functions. Furthermore, their branches are binary.

Model trees are built in two steps ([FWI+98]):

• First, a decision tree is built, beginning at the root: Each example in
the set S of labeled training instances (that is remaining at the current
node) is labeled with a continuous or discrete value. If the values in S are
consistent (as measured by standard deviation), the current node becomes
a leaf; otherwise, S is split up into two sets so that the variance in both
subsets becomes minimal.

• In the second step, subtrees are replaced by linear regression functions
where appropriate.

When used for classification, a smoothing step is invoked to compensate the
sharp edges that might appear at the transition between functions of different
(adjacent) leaves.

Classification via Regression

Classification via regression (e.g. [FWI+98]) is a technique that uses model trees
for modeling (or approximating, i.e. “learning”) the conditional class probability
function of each class. During training, for each class one function is learned,
with the attribute values as input, and with possible output values 1 and 0,
indicating whether the current training instance belongs to this class or not.

The approximated functions are used during classification by assigning the
class for which the highest probability is estimated for the instance attributes.

In chapter 5, classification via regression is evaluated with two algorithms
for function approximation: with M5 and with linear regression.

4.2.3 Algorithms for Evaluation

Once features have been selected and a classifier is chosen, the question arises
how well this combination performs.7 As a measure for classification quality,
the error rate is used, which is simply the number of falsely classified instances
divided by the total number of instances that were to be classified.

7This section follows mostly: Knowledge Discovery and Data Mining Techniques and
Practice, by Ho Tu Bao, http://www.netnam.vn/unescocourse/knowlegde/knowlegd.htm, re-
trieved 9/7/2004
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Leave-One-Out

Leave-one-out is an evaluation method that is best suited for small datasets: if
the data set consists of n items, n − 1 items are used to for training, and the
item that was left out during training is used for evaluation. This procedure
is repeated n times (once for each item). The error rate is the number of
wrongly classified samples divided by n. Leave-one-out produces reliable error-
rate-estimations even for small sets with over 100 samples.

For bigger sample sets, leave-one-out is often not applicable because of its
computational complexity.

N-fold Cross Validation

N -fold cross validation is an approximation of leave-one-out; it is applied for
large data sets, where leave-one-out is too expensive to compute.

The data set is split into N sets of the same cardinality. Then N times
the machine learning algorithm is trained on N − 1 of the sets and tested on
the remaining one; the remaining set is different each time. Obviously, during
this procedure, each instance is classified once by the algorithm. This allows to
compile an overall statistic of classification accuracy for all instances to estimate
the performance of the algorithm to be tested.



Chapter 5

Preliminary Evaluation

In this chapter, preliminary results are presented. There are several reasons,
why no final conclusions can be drawn with this experimental setup:

• Although different descriptor sets were used, no feature selection was done,
because this would have gone beyond the scope of this thesis. As already
mentioned in chapter 2, many descriptors seem to capture similar aspects
of music; at least these should be filtered.

• No tests for possible side effects were made. For example, when trying
to classify music into the “mood” categories happy, neutral, and sad, one
possible pitfall is instrumentation (for example, the song collection that is
being used could possibly contain only happy guitar punk pieces and sad
piano blues songs).

• For most descriptors, information reduction had to be made, as WEKA
does not accept vectors or a framewise representations of descriptors as
input. For example, for MFCCs, each coefficient was treated separately,
and the means and variances of them were taken instead of all distinct
values.

Nonetheless, the experimental results presented here can give a first esti-
mation of the strength and weaknesses that the implemented descriptors have
when applied to classification tasks that deal with categorizations that are more
intrinsic to music than the usual metadata labels.

5.1 Descriptor Sets

Three different descriptor sets were evaluated using WEKA:

• The set that was also used by Tzanetakis and Cook in [TC02],

• a set consisting of attributes made from Mpeg7-LLDs,

67
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• and set of attributes made from all descriptors made available in the T-
Toolbox.

These sets are shortly described in the following. Additionally, the recommended
version of the algorithm in [AP04] was run on the collections with the k-NN
algorithm implemented within the T-Toolbox (because WEKA can not deal
with the kinds of non-feature-vector models used in [AP04]).

5.1.1 Set from [TC02]

This set was a vector containing 30 components for a song:

• Timbral Texture Features. These are mean and variance of the

– Spectral Centroid

– Spectral Rolloff

– Spectral Flux

– Zero Crossing Rate

– first five MFCCs

of each frame, and Low Energy Rate, which altogether results in 19 values.

• The Rhythmic Content Features are the following six properties of the
beat histogram of the audio excerpt:

– A0, A1: relative amplitude of the two highest peaks (i.e. they are
divided by the sum of the histogram)

– RA: relative ratio of height of the second highest peak to the highest
peak

– P1, P2: bpm values of the two highest peaks

– SUM: sum of all histogram bins

• In an analogous manner, the Pitch Content Features are five properties of
the folded and unfolded pitch histograms:

– amplitude of the highest peak of the folded histogram

– pitches of the highest peaks of the folded and unfolded histograms

– interval between the two highest peaks of the folded histogram

– sum of all histogram bins
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5.1.2 Mpeg7-LLD Subset

As not all of the Mpeg7-LLDs are interesting for using them for classification
purposes, only the following ones were selected:

• Audio Power

• Audio Spectrum Centroid

• Audio Spectrum Spread

• Audio Spectrum Flatness (on four bands)

• Audio Harmonicity, consisting of three values per frame:

– Fundamental Frequency

– Harmonicity Ratio

– Upper Limit of Harmonicity

Analogous to the set from [TC02], the attribute values for a song are the means
and variances of the values of each time series or band, respectively, which gives
a total of 20 attributes for each song.

5.2 Results

In this section, the results are discussed, that were obtained when applying
the techniques and data sets described in the previous sections. The learning
algorithms were:

• k-NN for k = 1, 3, 5, and 10

• Naive Bayes (with and without kernel estimation)

• C4.5 (the WEKA J48 algorithm)

• Support Vector Machine (SMO algorithm)

• Boosting with Decision Stump, and with C4.5

• Classification via Regression (with Linear Regression, and with M5P.

All algorithms were evaluated with 10-fold Cross Validataion.
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5.2.1 Results for the Uniformly Distributed Collection

The aforementioned interesting point when examining descriptors and classifi-
cation methods on this set is to find out in which cases the classification fails.
From these cases it might be possible to reason which aspects were not cap-
tured by the descriptors. Therefore, not only the overall accuracies have been
listed, but also the confusion matrices of the experiments, and the classes some
individual songs were classified into. For the latter, only the pieces that were
misclassified by all learning algorithms are listed, assuming that these are the
pieces whose true class is hardest to conclude from their descriptor values.

Detailed results are given in appendix .1.

Overall Classification Accuracies

Although the main interest lies on the individual songs that were wrongly clas-
sified, also some points can be remarked regarding the overall classification
accuracies:

• The highest accuracies are obtained using the method from [AP04]; 93.67%
and 91.56% accuracies for 1-NN and 3-NN suggest that the classes seem
to be well-separated as intended.

• For all learning algorithms, the set containing all descriptors achieves
higher accuracies than the set from [TC02], which on its part has equal
or better accuracies than the Mpeg7-LLD set.

• Both the Mpeg7-LLD set and the set from [TC02] have best classification
accuracies with “Boosting with J48”. This top value is very similar for
both (76.0% and 77.33%).

• Boosting (with Decision Stump) performed worst with all three descriptor
sets (around 33% in all cases).

Except for the first point, these observations do not hold for the results obtained
when using the other song collections.

Pieces Misclassified Using the Mpeg7-LLD Set

From the confusion matrices for the set of Mpeg7-LLDs (figure 1), it can be seen
that most learning algorithms have difficulties to correctly classify indian pieces
correctly. Frequently, indian pieces are misclassified into the class “blues”.

When listening to the indian and blues examples, it gets clear that many
blues pieces are played on a steel guitar those sound character is similar to a
sitar (the sound character of a sitar is between a steel guitar and a overdriven
rock guitar); nonetheless, the blues pieces differ clearly from sitar pieces by the
harmonic content (blues scale vs. indian scales), and rhythm (groovy blues vs.
relaxed fluent notes). Neither harmonic nor rhythmic content is captured by
the Mpeg7 LLDs, so that this confusion seems to be easily explainable.
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Table 2 lists the individual songs that were misclassified by all learning
algorithms. For most songs, there is no obvious explanation why they were
wrongly classified, but for some of them there is:

Most blues pieces are played on a solo guitar, but the blues pieces by “Bar-
bara Leoni” are played by a rock combo including drums and a distorted rock
guitar. The reason why they are frequently misclassified as “metal” again could
be that the descriptor set is not designed to describe rhythmic content.

Some of the misclassification between “indian” and “electro” could be due to
the fact that some indian pieces contain electric drums (e.g. the clearly indian
sounding piece “Romance with Nature” by “Anup”).

The misclassification of the two “metal” pieces could be caused by the similar
sounds of the rhythm sections (i.e. drum and bass sounds) in the “metal” pieces
and some “electronic” pieces.

Pieces Misclassified Using the Set from [TC02]

When the descriptor set according to [TC02] is used, all learning algorithms
classify less “indian” pieces wrongly into the class “blues” as when the set
consisting of Mpeg7-LLDs is used (see table 2); this might be caused by the fact
that the set from [TC02] also contains pitch and rhythm descriptors.

Interestingly, despite an improved overall classification accuracy, and less
“indian” pieces being misclassified as “blues”, all but three learning algorithms
misclassify a higher number of “indian” pieces into the category “piano”. A
possible explanation would be that the fact that many piano pieces had a fluent
character, like the indian sitar pieces.

The individual songs that were misclassified by all learning algorithms (table
3) are less consistent misclassified than those of the Mpeg7-LLD set. Beside the
factors already mentioned, that could be a reason for some misclassifications, a
new hypothesis appears for two of the three “gamba” pieces that appear in the
list. They contain not only solo gamba, but also a harpsichord accompaniment;
the harpsichord may be the reason for them being misclassified into the “indian”
or “blues” categories.

Pieces Misclassified Using All Descriptors

The confusion matrices for the set of all implemented descriptors (figure 3) show
a further improved classification accuracy for the “sitar” pieces, and seem to give
no hint towards a common pitfall.

As can be seen from table 4, there were four pieces misclassified when the
learning algorithms were run on all extracted descriptors. When listening to
them, for the first two pieces, there is no obvious explanation or probable hy-
pothesis why they are misclassified.

The wrongly classified metal piece “Shadows” from “Soul Print” is not a
typical metal piece, as it does not contain a distorted guitar, or an overall
aggressive mood. It rather is a calm, depressive ballad. The reason why it is
frequently classified as indian could be that the again the guitar is confused
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with a sitar, and the drum set might be confused with tablas. The fact that the
indian pieces do not contain vocals does not avoid the misclassification, which
might be caused by weak vocal detection abilities of the descriptors.

The indian piece “romance with nature” is one of the indian pieces that
contains electric drums; that could be the reason why it is classified as electronic.

5.2.2 Results for the ISMIR ’04 Genre Contest Training
Collection

As can be seen from the tables in appendix .1, this is the only case where
the method from [AP04] was slightly outperformed: the set containing all de-
scriptors achieved with linear regression an overall accuracy of 72.29% (versus
71.67%, [AP04] with 3-NN).

In the ISMIR contest, a collection very similar to this one was used as a test
set. On this collection, the winning algorithm by Elias Pampalk reached a clas-
sification accuracy of 84.07%. This algorithm was based on the one proposed in
[AP04], but was run on two minute segments rather than on 30 second sections.
This indicates higher accuracies for longer segments, which might be due to an
increased statistical stability when calculating the GMMs.

5.2.3 Results for the In-House Collection

In this section, for each categorization, for each descriptor set the classification
accuracy is given, which was highest among the learning algorithms for this
descriptor set for this categorization. (Detailed results can be found in appendix
.1.) In some cases, also the confusion matrices were of interest; for space reasons,
confusion matrices are only given where it seemed appropriate.

After describing the results for the usual “genre” categorization, categoriza-
tions that are found less frequently in the literature are discussed.

Genre

The best genre classification accuracies for each descriptor set that are given in
table 5.1 do not exhibit such a great difference to the baseline as the results for
the ISMIR genre classification contest training set.

Baseline Set from [TC02] Mpeg7 LLDs All Best from [AP04]
60.48 65.66 64.94 69.52 70.84

Table 5.1: Genre: Best classification results.

Factors that could have contributed to this observation are that there are
fewer classes in the ISMIR set, and that it had a lower baseline.
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Focus

From table 8, it can be seen that in most experiments the overall accuracy was
below the baseline; table 5.2 shows that also the best classification accuracies
do not indicate that the tested descriptor sets are suited for vocal detection.

Baseline Set from [TC02] Mpeg7 LLDs All Best from [AP04]
68.92 71.08 70.00 71.20 75.18

Table 5.2: Focus: Best classification results.

A look at the confusion matrices for the 36 classification experiments shows
that under the circumstances tested here, no reliable discrimination between
instrumental pieces and pieces containing vocals is possible.

In only four experiments, confusion matrices indicated an ability to distin-
guish between vocal pieces and pieces that had the focus both (two of them
are depicted in figure 5.1). Interestingly, each descriptor set was represented
in these cases, and in all cases the learning algorithm was Naive Bayes (which
produced classification accuracies below the baseline in all cases).
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Figure 5.1: Confusion matrices for the focus classes (voc - vocal, bth - both, nst
- instrumental): Naive Bayes classification for the set made from Mpeg7-LLDs
and for the set consisting of all implemented descriptors; for comparison, also
the confusion matrix of the best method from [AP04] is given, which achieved
the highest overall accuracy.

Presumably, the use of a dedicated vocal detection algorithm (such as e.g.
proposed in [BEL02, KW02]) would yield better results.

Complexity

For complexity, classification results are similar to those of the focus categoriza-
tion: in most experiments, the baseline is not reached (see table 6), and also
the highest accuracies (summarized in table 5.3) are only somewhat over the
baseline.
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Baseline Set from [TC02] Mpeg7 LLDs All Best from [AP04]
75.66 76.63 76.14 76.87 78.55

Table 5.3: Complexity: Best classification results.

The confusion matrices confirm the impression of poor performance: only
pieces that belonged to the most frequent complexity class (medium) were cor-
rectly classified with high accuracy, which is easily achieved by guessing the
most frequent class. In all experiments, pieces with low and high complexity
were more often misclassified than correctly classified, and no indications for
class separability abilities are given.

Perceived Tempo

For the tempo classification accuracies, the already familiar picture appears
(tables 11 and 5.4): only in few cases the baseline is reached, and also the best
accuracies are not much higher than the baseline.

Baseline Set from [TC02] Mpeg7 LLDs All Best from [AP04]
42.53 42.53 43.13 44.70 48.67

Table 5.4: Perceived Tempo: Best classification results.

All but two confusion matrices show a dark vertical line in the third column,
where the class is found that has most instances. This indicates that again with
most feature set / learning algorithm combinations, the other classes can not
be clearly discriminated from the most frequent class.

The two confusion matrices that do not show the dark row are depicted in
figure 5.2. It seems that with the set containing all implemented descriptors,
Naive Bayes is able to classify pieces with very slow, very fast, and varying
perceived tempo relatively accurate compared to the other learning algorithms.
Pieces with slow, medium and fast are likely to be confused with varying per-
ceived tempo.

When only the descriptors contained in the set from [TC02] are used, the
confusion matrix seems to look more “natural”, with confusions appearing most
frequently between neighboring classes (except for the varying class). This
might be a hint that the application of feature selection algorithms to the set
of all descriptors possibly could lead to improved classification accuracies.

Emotion

From table 7 (best accuracies are summarized in table 5.5), it can be seen that
the best overall accuracies for the “emotion” categorization were achieved with
the method from [AP04]. For the other descriptor set / learning algorithm
combinations, overall accuracies were under the baseline in most cases, and also
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Figure 5.2: Confusion matrices for Naive Bayes classification of the tempo
classes (vsl - very slow, sl - slow, med - medium, fst - fast, vfs - very fast,
var - varying) for the set consisting of all descriptors, and for the set from
[TC02].

the highest accuracies that they achieved were clearly below the accuracies of
the method from [AP04].

Baseline Set from [TC02] Mpeg7 LLDs All Best from [AP04]
44.46 45.06 46.75 47.47 57.95

Table 5.5: Emotion: Best classification results.

The main difference between the method from [AP04] and the other al-
gorithms is that the method from [AP04] primarily aims to modeling timbral
similarity, while the other methods incorporate concepts that are meant to de-
scribe also other aspects of music, such as melodic or harmonic content. Thus,
the results suggest a high correlation of the “emotion” categories soft, neutral,
and aggressive with timbre. In addition, a low correlation of other aspects of
music (e.g. harmony, melody, rhythm) with these categories can be supposed,
as different interpretations of the same piece can be soft or aggressive.

Mood

From tables 10 and 5.6, it can be seen that the examined descriptor sets seem
not to be suited for distinguishing between happy, neutral and sad songs.

Also, most confusion matrices show the black row indicating a lack of class
separation ability; the two that deviate most from this appearance are again
confusion matrices of Naive Bayes classifications. They indicate that it might
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Baseline Set from [TC02] Mpeg7 LLDs All Best from [AP04]
50.00 50.00 50.00 51.08 50.24

Table 5.6: Mood: Best classification results.

be possible to distinguish between sad and happy songs to some extent. As
they are based on the set from [TC02] and on the set made from Mpeg7-LLDs,
a feature selection might be interesting also in this case.

    hap

    neu

    sad

  h
ap
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eu
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ad

48.3 20.6 31.1

33.7 22.9 43.4

27.1 18.6 54.2

Mood, NB, Set from [TC02]
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  h
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ad

40.8 32.4 26.9

27.2 35.2 37.6

26.0 31.6 42.4

Mood, NB, Set of Mpeg7−LLDs

Figure 5.3: Confusion matrices for Naive Bayes classification of the mood classes
(hap - happy, neu - neutral, sad - sad) for the set made from Mpeg7-LLDs, and
for the set from [TC02].

5.2.4 Concluding Remarks

In this chapter the results of preliminary experiments were presented: three dif-
ferent sets of descriptors were tested on three different song collections, applying
twelve different machine learning algorithms.

For the uniformly distributed song collection, it showed that even with those
songs that were assumed to be most misplaced in feature space, no clear conclu-
sions could be drawn about which aspects of music are not captured sufficiently
by the examined descriptors. Only for the descriptor set made of Mpeg7-LLDs,
it can be hypothesized that it lacks descriptors for harmonic and rhythmic con-
tents.

For the ISMIR ’04 genre classification contest training set, results were in-
ferior to those achieved by the winning algorithm of the genre classification
contest, which might be caused by the fact that descriptors were computed on
shorter excerpts.

On the in-house collection, several categorizations were tested, including
“complexity”, “emotion”, and “mood”. Although the classification accuracies
were below the baseline in most experiments, there are hints that the descriptors
examined here to some extent have an ability to distinguish between the classes
in some of these categorizations.
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The next chapter gives a summary of this masters thesis, and it is elaborated
on into which direction future research could be pointed by the results presented
here.



Chapter 6

Summary & Conclusions

6.1 Summary

6.1.1 Descriptor Overview

In chapter 2, an overview of many of the features that are being used in MIR
applications was given; this included definitions of the descriptors, an estimation
of their merits by reviewing the relevant literature, and visualisations of their
values for example pieces.

Several minor observations have been made:

• For the Low Energy Rate descriptor, better results seem to be obtained if
it is not applied in its most usual definition, but in a less common one.

• The mean value of the Spectral Power descriptor seem to be better corre-
lated to the perceived energy than the loudness descriptors based on RMS
values, which are used more frequently in the literature.

• Most of the Mpeg7 LLDs (defined on a logarithmically spaced frequency
scale) have counterparts defined on a linear frequency scale; from the
examples, it seems that the Mpeg7 LLDs are slightly better related to
perception.

Furthermore, Mpeg7 Harmonicity Ratio is a descriptor that seems to cap-
ture aspects of perceived harmonicity surprisingly good; it would be in-
teresting to examine its discriminative power in genre classification tasks.

Some work is still to be done to audit these observations on a larger data set.

6.1.2 T-Toolbox Implementation

In chapter 3, the implementation part of this masters thesis was presented: the
T-Toolbox. The typical use of it was indicated, and its main functionality was
outlined; most notably, this is:

78
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• Feature extraction routines. These include many of the algorithms de-
scribed in the overview in chapter 2; computed descriptor values can be
stored for future use, and visualisation routines are provided for each de-
scriptor; also, the interdependence of descriptors can be visualized.

• Machine learning algorithms. The extracted descriptors can be used in
classification experiments in two ways:

Functions for doing distance-based k-NN / N-fold Cross Validation
classification experiments are implemented in the T-Toolbox.

The descriptor data can be converted to a format that is supported by
WEKA, a software package that contains many state-of-the-art machine
learning algorithms.

Additionally, an implementation walkthrough clarified the way the toolbox is
concretely used.

6.1.3 Preliminary Evaluation

The results of preliminary experiments done with the T-Toolbox were presented
in chapter 5. Two kinds of experiments were made, aiming to find out which
aspects of music are not captured by the descriptors.

The first kind was done on a song collection that contained pieces belong-
ing to classes that were meant to be clearly distinguishable by humans. The
ability of several combinations of descriptor sets and learning algorithms was
evaluated to distinguish between these categories. Results were not as clear
as expected, but it turned out that there seem to be pitfalls common to most
learning algorithms, depending on the descriptor set used.

Experiments of the second kind aimed to estimate the discriminative power
of the implemented descriptors for classifying musical pieces into the categoriza-
tions Genre, Focus (i.e. if the piece is rather vocal or instrumental), Complexity,
Perceived Tempo, Emotion (i.e. if a piece is rather soft or aggressive), Mood (i.e.
if the overall mood of the piece tends to be happy or sad). The most important
conclusions were:

• For the widely used Genre categorization, the obtained results are com-
parable to those found in the literature.

• No indication was found that the implemented descriptors are useful for
classification of pieces into the Complexity classes.

• For the Focus, Perceived Tempo, and Mood categorizations, overall clas-
sification accuracies were mostly below the baseline. Nevertheless, some
confusion matrices indicated that the descriptors have some discriminative
power for these categorizations.

• The preliminary experiments seemed to point out that the Emotion class
(i.e. soft, neutral, aggressive) is predominantly correlated with timbre,
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suggesting that the improvement of timbre similarity measures could also
improve classification accuracies for this categorization.

For some of these subproblems, dedicated descriptors have been proposed in
the literature, or are under development (e.g. Complexity, vocal detection); a
direct comparison to them would be interesting.

6.2 Conclusions

Although there is no reliable estimation of how far the current state-of-the-
art MIR techniques are from capturing all information that is contained in the
plain audio signal (i.e. it remains questionable how much socio-cultural meta-
information is needed to “understand” a piece of music) , there are at least two
aspects that let further research in the area of DSP-level MIR appear relevant:

First, even if classification accuracies achieved with this approach would
never be accurate enough to build an industry-strength MIR system on it (e.g.
for music recommendation), it is most likely that almost every future MIR
system will incorporate a component for analyzing audio content of music. The
quality of this component will affect the overall quality of the MIR system.

Second, the preliminary results presented in this thesis hint that the already
existing algorithms could be tuned to perform better in describing aspects of
music that they do not capture yet (e.g. by applying feature selection algo-
rithms). Also, the development of new descriptors could improve their accuracy
in these tasks.

If the distinct aspects of music are captured with high accuracy, it is possible
to combine them to a unified description, which in the end would lead to an
algorithm that captures almost all relevant musical information. Of course, such
an algorithm would be of great commercial and epistemological interest.

.1 Detailed Classification Results
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Descriptor Set Baseline J48 1NN 3NN 5NN 10NN SMO NB NB(K) B B(J48) R LR

Mpeg7 LLDs 16.67 69.33 56.67 58.00 59.33 56.67 72.00 74.00 73.33 33.00 76.00 74.00 69.67
Set from [TC02] 16.67 69.33 62.00 64.67 66.33 62.00 72.67 74.00 73.67 33.33 77.33 74.00 74.67
All 16.67 76.67 80.67 78.00 79.00 76.00 87.67 81.33 82.33 32.67 84.33 82.00 86.33
Best from [AP04] 16.67 93.67 91.67 88.67 86.33

Table 1: Classification accuracies for the 6 genre, 50 songs per genre collection. Learners were: Naive Bayes (NB), Naive Bayes
with Kernel (NB(K)), Boosting (B), Boosting with J48 (B(J48)), Regression with MP5 (R), and Linear Regression (LR)
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NB NB(K) SMO 10NN 1NN 3NN 5NN B B(J48) LR R J48
blu - Don’t rain on my parade-Barbara Leoni met met met met met met met met met met met met
ele - we re all boned-Williamson met met met met met met met met met met met met
ele - Gold Spun-Glen Bledsoe blu blu blu blu blu blu blu blu blu blu blu blu
ind - Wild Spring Apples-touchingGrace blu blu blu blu blu blu blu blu blu blu blu blu
ind - Watching Clouds-touchingGrace blu blu blu blu blu blu blu blu blu blu blu blu
ind - Reflection-Anup blu blu blu blu blu blu blu blu blu blu blu blu
blu - My Momma Told Me-Jag gam gam gam gam ind gam gam gam gam gam gam gam
ele - percent er-Williamson met met met met met met met met met met ind met
ele - Dead slow day-Psychetropic blu blu blu blu blu blu blu blu blu blu blu ind
ind - Genesis Wave-Anup blu blu blu blu blu blu blu met met blu blu blu
ind - Ragas Sindhu Bha... -Rajdhani Quartet ele ele ele ele ele ele ele blu blu ele ele ele
met - Deep Blue Eee-Seismic Anamoly ele ele ele ele ele ele ele blu blu ele ele ele
blu - House Party Rag-Jag ind ind ind ind ind ind ind met met ind ind ind
ind - Kirwani-Jay Kishor gam gam gam gam gam gam gam blu blu gam gam ele
ind - Life Glides-Anup met met met met met met met blu blu met met ele
ele - glitch cowboy local 16044-Williamson ind ind met ind ind ind ind blu blu ind ind ind
ele - Und So Weiter I-Glen Bledsoe ind ind gam blu blu blu blu blu blu blu blu ind
ind - Melon Tropic Sunrise-touchingGrace blu blu blu gam gam gam gam blu blu blu blu blu
met - Divine Toy-SoulPrint ele ele ele ele ele ele ele blu blu ind ind ele
blu - Haunted-Barbara Leoni met met ele ele ele ele ele met met ele ele met
ele - Slidewalk-Psychetropic ind blu blu blu blu blu blu gam ind ind blu ind
ind - Romance With Nature-Anup ele ele ele ele ele ele ele blu blu met met met
ind - Natural Bridges Kids-Anup met met met blu blu blu blu blu blu ele ele met
ind - Raga Malgunji - tabla solo (...)-Jay Kishor ele ele blu blu blu blu blu gam gam ele ele ele
ind - Raga Malgunji - alap-Jay Kishor pia pia pia gam gam gam gam pia pia pia pia pia
ele - time you ll never get back-Williamson met met met ind ind ind ind blu blu blu blu blu
ind - Nat Malhar-Jay Kishor blu blu blu gam gam gam gam met met blu blu blu
ind - 47-touchingGrace ele ele ele met met met met blu blu ele ele ele

Table 2: Mpeg7 LLD set, pieces misclassified by all learners (10 folds); ranked by frequency of the most common class. Same
abbreviations as in table 1.
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NB NB(K)SMO 10NN1NN 3NN 5NN B B(J48)LR R J48

ind - Sitar Study-touchingGrace pia pia pia pia pia pia pia pia pia pia pia pia
ind - Last Night s Dream (the experience)-touchingGrace pia pia pia pia pia pia pia pia pia pia pia ele
ind - Sitar Study-touchingGrace gam gam gam gam gam gam gam pia pia gam gam gam
ind - Life Interrupted-Anup met met met met met met met blu blu met met met
ind - Jingle Bells-Anup met met met met met met met blu blu met met met
ele - glitch cowboy local 16044-Williamson ind ind blu ind ind ind ind pia pia ind ind ind
gam - Suite no 3 in C Major BWV 1009-Phoebe Carrai ind ind ind ind ind ind ind pia pia ind ind pia
ind - Last Night s Dream - The Experience-touchingGrace gam gam gam gam gam gam gam blu blu gam gam blu
ind - Watching Clouds-touchingGrace gam gam gam gam gam gam gam blu blu gam gam ele
ele - Dead slow day-Psychetropic gam gam gam gam gam gam gam blu blu ind ind gam
gam - Suite in D minor (Farina)-Les Filles de Sainte Colombe ind ind ind blu blu blu blu blu blu blu blu ind
gam - Suite in A minor (Sheidt)-Les Filles de Sainte Colombe blu blu blu ind ind ind ind blu blu blu blu blu
met - Divine Toy-SoulPrint ind ind ind blu blu blu blu blu blu blu blu ind
ele - Aerodrone-Glen Bledsoe met met met met met met met blu blu blu blu ind
ind - Romance With Nature-Anup ele ele blu blu blu blu blu blu blu ele ele met
ele - Gold Spun-Glen Bledsoe blu blu met met met met met blu blu blu blu ind
ind - Melon Tropic Sunrise-touchingGrace gam gam gam pia pia pia pia pia pia ele ele gam
ele - 2 percent er-Williamson ind ind ind pia pia pia pia pia ind ind ind blu
ele - Und So Weiter II-Glen Bledsoe blu blu ind ind ind ind ind blu blu gam gam ind
ele - Othertime-Psychetropic met met ind ind ind ind ind blu blu met met met
met - Inside-SoulPrint gam gam ind ele ele ele ele blu blu ind ind ind
met - Shadows-SoulPrint ind ind ind ele ele ele ele blu blu ind ind ele

Table 3: Set from [TC02], pieces that were misclassified by all learners.
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86.0 10.0 4.0

10.0 58.0 2.0 10.0 18.0 2.0

96.0 4.0

6.0 4.0 12.0 62.0 8.0 8.0

4.0 6.0 4.0 86.0

4.0 96.0

1−NN
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90.0 6.0 2.0 2.0

20.0 56.0 4.0 10.0 10.0

96.0 4.0

24.0 4.0 18.0 38.0 8.0 8.0

6.0 2.0 4.0 88.0
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6.0 8.0 2.0 68.0 16.0

4.0 10.0 86.0
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NB NB(K) SMO 10NN 1NN 3NN 5NN B B(J48) LR R J48

ele - UtET-iNTROSPEKT met met met met met met met met met met met met
ind - Ragas Sindhu Bha...-Rajdhani Quartet ele ele ele ele ele ele ele met met ele ele ele
met - Shadows-SoulPrint ind ind ind ind ind ind ind ele ele ind ind ind
ind - Romance With Nature-Anup ele ele ele met met met met ele ele ele ele met

Table 4: All implemented descriptors, all misclassified.
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Descriptor Set Baseline J48 1NN 3NN 5NN 10NN SMO NB NB(K) B B(J48) R LR

Set from [TC02] 43.90 55.42 57.34 60.91 61.32 60.36 65.98 59.95 62.28 48.01 61.18 63.79 65.43
Mpeg7 LLDs 43.90 58.57 62.28 63.79 62.96 62.96 64.88 60.08 60.77 50.89 64.06 61.73 63.37
All 43.90 58.85 66.26 65.98 68.04 66.26 71.19 64.88 63.92 55.01 69.00 67.08 72.29

Best from [AP04] 43.90 70.69 71.67 71.25 70.56

Table 5: Classification accuracies for the ISMIR ’04 contest training collection
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Descriptor Set Baseline J48 1NN 3NN 5NN 10NN SMO NB NB(K) B B(J48) R LR

Set from [TC02] 75.66 68.80 66.99 73.13 75.30 76.63 75.66 62.41 71.20 75.66 73.86 75.90 76.27
Mpeg7 LLDs 75.66 71.81 67.95 71.93 74.94 75.66 75.66 66.27 70.48 75.42 74.10 74.94 76.14
All 75.66 66.51 69.04 75.18 76.87 76.87 76.27 61.33 73.73 75.30 74.58 74.70 74.58
Best from [AP04] 75.66 72.77 77.11 77.83 78.55

Table 6: Complexity: Classification accuracies for the complexity classes of the in-house collection.
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Descriptor Set Baseline J48 1NN 3NN 5NN 10NN SMO NB NB(K) B B(J48) R LR

Set from [TC02] 44.46 39.52 41.33 40.84 41.57 44.46 45.06 39.04 42.05 44.58 41.57 41.45 44.58
Mpeg7 LLDs 44.46 40.96 35.42 39.04 40.60 42.65 44.82 39.04 41.93 44.46 41.93 46.63 46.75
All 44.46 41.69 43.98 42.77 46.51 44.46 47.47 41.45 41.69 43.49 46.27 43.49 44.34
Best from [AP04] 44.46 54.34 55.54 56.27 57.95

Table 7: Emotion: Classification accuracies for the emotion classes of the in-house collection.
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Descriptor Set Baseline J48 1NN 3NN 5NN 10NN SMO NB NB(K) B B(J48) R LR

Set from [TC02] focus 68.92 62.77 62.77 65.42 71.08 70.12 68.55 59.76 64.46 67.59 68.80 69.04 70.60
Mpeg7 LLDs 68.92 67.47 62.77 66.14 69.16 70.00 68.92 62.65 65.90 68.67 66.99 69.04 68.31
All 68.92 59.04 65.18 68.31 69.52 70.00 71.20 60.48 67.47 67.71 69.04 69.16 69.52
Best from [AP04] 68.92 71.81 75.18 74.82 74.70

Table 8: Focus: Classification accuracies for the focus classes of the in-house collection (i.e. vocals, instrumental, both).
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Descriptor Set Baseline J48 1NN 3NN 5NN 10NN SMO NB NB(K) B B(J48) R LR

Set from [TC02] 60.48 54.70 52.65 59.28 62.89 64.34 65.66 52.65 60.12 60.48 61.69 64.22 64.46
Mpeg7 LLDs 60.48 53.13 54.82 57.59 62.53 63.37 64.58 52.89 58.80 60.48 63.13 64.94 63.49
All 60.48 55.18 62.17 65.18 66.39 67.11 69.52 52.29 63.25 60.00 64.70 64.34 65.78
Best from [AP04] 60.48 70.84 68.67 69.88 68.43

Table 9: Genre: Classification accuracies for the (seven) genre classes of the in-house collection.
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Descriptor Set Baseline J48 1NN 3NN 5NN 10NN SMO NB NB(K) B B(J48) R LR

All 50.00 41.69 42.89 41.33 46.51 48.67 51.08 34.70 39.52 48.43 45.06 44.58 47.23
Mpeg7 LLDs 50.00 45.66 40.36 41.57 42.53 45.66 50.00 38.31 46.63 48.43 44.46 48.92 49.76
Set from [TC02] 50.00 43.01 37.95 41.33 43.01 45.06 49.76 36.87 44.94 50.00 46.51 49.88 47.71
Best from [AP04] 50.00 49.16 49.64 50.24 49.28

Table 10: Mood: Classification accuracies for the mood classes of the in-house collection (happy / neutral / sad). Note that
one half of the songs were “neutral”, and only one fourth “happy” or “sad”, respectively.
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Descriptor Set Baseline J48 1NN 3NN 5NN 10NN SMO NB NB(K) B B(J48) R LR

All 42.53 32.89 34.94 34.22 37.35 35.66 44.70 20.60 40.12 42.41 40.00 38.55 38.43
Mpeg7 LLDs 42.53 32.77 31.69 32.53 37.71 39.64 42.53 30.48 39.88 41.45 37.59 40.60 43.13
Set from [TC02] 42.53 30.84 33.61 33.86 37.35 37.47 42.53 23.61 36.02 41.69 41.08 40.60 42.41
Best from [AP04] 42.53 44.34 46.87 46.63 48.67

Table 11: Tempo: Classification accuracies for the perceived tempo classes of the in-house collection (very slow / slow / medium
/ fast / very fast / varying).
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