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Abstract

People are able to make stylistic distinctions between samples of mu-

sic quickly and easily. Reliably duplicating this ability with computers has

proven to be difficult, but a simple system with modest accuracy can still be

useful for some music organization applications.

I have created software to extract certain features from recorded music,

and trained and tested three classifiers (Generalized Linear Model, Multilayer

Perceptron, and k-Nearest Neighbor) each on three tasks of genre classifica-

tion using a large collection of labelled examples.

There was little variance in performance among the three classifiers. On

average the classifiers correctly classified 77% of the test data in a task in-

volving two highly similar genres, 82% in a task with three highly dissimilar

genres, and 64% in a task with seven genres of mixed similarity.
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Chapter 1

Introduction

“Up until now, you’ve had to make these record breaking deci-

sions on your own, relying on perplexing intangibilities like taste

and intuition.” (Negativland, 1987)

1.1 Overview

Artificial Intelligence is sometimes described as the study and practice of

tasks that are easy for people and hard for computers (Howe, 1998). Making

judgments about music fits that description perfectly. People without formal

training can make judgments about musical style quickly and easily, but

duplicating these feats computationally has proven to be difficult.

Music is a part of many people’s daily lives. We use computers to help

us organize information in many domains, but their ability to help us with

our music has been fairly limited.

The principal goal of this project was to produce a system that can be

used to make better music organization tools. Specifically, this consists of

software that extracts features from recorded music and then uses these fea-

tures to classify the music based on a set of labelled training examples.

I trained and tested three different classifiers (Generalized Linear Model,
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Multilayer Perceptron, and k-Nearest Neighbor) to classify music into genres

in three different tasks. One task involved two highly similar genres, one

involved three highly dissimilar genres, and one involved seven genres of

mixed similarity.

1.2 Results

On average the three classifiers correctly classified 77% in the 2-class task,

82% in the 3-class task, and 64% in the 7-class task, with little variance

among the different types of classifiers. This level of accuracy is not sufficient

for all applications, but is still useful for some. A few potential applications

are listed in Chapter 4.

1.3 Motivations

My primary motivation on this project is a practical one. I want to be able

to organize, search, and browse through music databases more effectively.

This includes selecting songs to listen to from my own collection and finding

other music I (or others) might like.

Given an accurate measure of music similarity, one could pick a few songs

and have a jukebox or music vendor fill out a set autonomously. Finding songs

similar to a set of examples is not sufficient to build excellent play lists, but

it is necessary and may be sufficient for browsing. For these applications

we need a measure of music similarity that can be automatically applied to

recordings.

The experiments in this project dealt with music classification, not sim-

ilarity. This is because human-labelled classification data was much easier

to acquire than similarity data. The study of the features and classifiers in

genre-labelling tasks should prove useful to further work on similarity met-
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rics.

Judgments of similarity depend on context and task, and no single metric

will suffice for all occasions. Minka and Picard (1997) show that several

limited similarity metrics can be combined into a more robust query system,

and their methods could be applied to music when there are enough metrics

to work with.

1.4 Previous Work

1.4.1 Limited Solutions

A great deal of work has been done on classifying or measuring similarity of

musical style based on higher level representations of music, such as scores.

There are two problems with this approach. One is that some of people’s

perceptions of music depends on characteristics not captured by the score,

such as the sounds of instruments and the way they are played. The other is

that we are currently unable to automatically extract a score from most real

recordings.

Shuttleworth and Wilson (1995) extracted chords from polyphonic mu-

sic, Martin (1996) transcribed (extracted notes) from polyphonic music, and

Martin and Kim (1998) identified instruments in monophonic samples con-

taining only the instrument to be identified. These are all encouraging signs

of progress in auditory music analysis, but they were all developed and tested

using only clean audio samples produced in laboratories and would not fare

well on the more diverse mix of sounds found on normal recordings.

Dannenberg et al. (1997) classified the performance style of trumpet solos,

using an existing tool to convert monophonic audio to MIDI. Scheirer (1995)

used signal processing to extract the precise timing and loudness of each

note in piano solo recordings, but needed a high-level representation of the

original scores as a guide. These both used recordings of real performance,
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but were limited in one case to monophonic (one note at a time) audio, and

in the other to music for which a transcript was already encoded.

1.4.2 General Solutions

Foote (1997) used cepstral coefficients (a spectral measure often used in

speech processing) of short audio samples to distinguish between speech and

music with excellent accuracy.

Soltau et al. (1998) trained an autoassociative neural network on cepstral

coefficients in order to perform nonlinear discriminant analysis. They used

the activation strength of the hidden units to determine the most significant

component in each audio frame, then trained two classifiers to categorize

music into broad genres based on the temporal patterns of component sig-

nificance. The genres (rock, pop, techno, classical) were similar to ones used

in my experiments, and the classification rates achieved were also similar.

Many of the features used in my implementation are (not coincidentally)

similar to the ones Wold et al. (1996) use for a query-by-example database

of short audio clips. Searches use k-Nearest Neighbor with interactive (user-

supplied) feature scaling to find examples similar to a set of exemplars pro-

vided by the user.

Hauptmann and Witbrock (1998) describe the use of audio cues in the

Informedia project to help segment news broadcasts. The cues included

short-term maximum amplitude, signal-to-noise ratio, acoustic environment,

channel type, and speaker identification. Spectral characteristics were used

to classify the acoustic environment as one of a small set of predefined classes,

and to differentiate between different types of channels such as telephones

and high quality microphones.
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1.4.3 Indirect Solutions

There are ways to measure characteristics of music without measuring the

music itself. Since people are so good at reacting to music, we are a rich

source of information. The difficulty lies in getting the information reliably

and unobtrusively.

Picard (1997) describes methods of directly measuring physiological ef-

fects and using them to model and predict human responses to music. Healey

et al. (1998) built on this and implemented an “affective DJ”. The system is

trained by recording arousal changes that occur while each song is played. It

later uses this data to select music with arousal effects that fit a high level

plan (such as “exciting” or “relaxing”).

Retailers (and helpful friends) have long used nearest-neighbor strategies,

predicting that if they can find people who share many of your expressed

preferences, they can predict your feelings about something by looking at

what these other people thought about it. This was automated in a mu-

sic recommendation system by Shardanand (1994) and similar systems have

been used by online music retailers such as Amazon1 and CDNOW2. Retail-

ers use purchases as preference observations, but Shardanand’s system used

time-consuming surveys. These collaborative solutions require large groups

of coordinated participants. They also tend to reinforce existing popularity,

never recommending undiscovered music.

1.4.4 Related Work

Beat Tracking

Although not directly related to classification, tracking beats in music is an

important music analysis task. A robust beat tracker would be a valuable
1http://www.amazon.com/
2http://www.cdnow.com/
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component in a music classification system. Working beat trackers have

been constructed using peak finding, adjustable oscillators, sets of simple

oscillators, and autocorrelation (Allen and Dannenberg, 1990; Dixon, 1999;

Gasser and Eck, 1996; Large, 1995; Scheirer, 1997).

Source Separation

It would also be useful to separate audio streams into their component sources

(instruments, voices) as humans can. This would allow us to analyze the

spectral and temporal behavior of each instrument and voice individually.

Human listeners organize auditory input through a process known as auditory

scene analysis (Bregman, 1990). The field of computational auditory scene

analysis attempts to replicate the human capacity, but has not yet produced

robust and powerful systems.

Two recent efforts in computational auditory scene analysis stand out. El-

lis (1996) built a probabilistic system that attempts to explain audio streams

simultaneously with several competing theories, each one proposing a combi-

nation of sounds that might have produced the observed stream. It performs

reasonably well considering the primitive sound source models it uses. If

combined with more sophisticated models of musical instruments, it could

provide us with both instrument identification and source separation, each

of which would help music classification immensely.

In addition to a robust beat tracker, Scheirer (2000) built a system that

separates sound sources (instruments, voices) using dynamic clustering of

frequency comodulation data. His model is strongly grounded in psychoa-

coustics, and, as far as I know, is the first computational auditory scene

analysis system specifically designed for and applied to complex music.

6



1.5 Overview of Dissertation

The remainder of this dissertation is organized into the following chapters:

• Chapter 2 describes feature extraction: why it is done, what features

I have extracted, how they are extracted from the audio source, and

how they are processed before classification.

• Chapter 3 describes the classifiers: which ones were used, how they

were used, and the results and implications of the tests.

• Chapter 4 reviews the goals and accomplishments of the project, lists

some applications the system might be used for at its current level of

accuracy, and discusses possible future work.

• The full list of features appears in Appendix A. Appendix B contains

source code of the program used for feature extraction. A complete list

of the songs used in each data set appears in Appendix C.
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Chapter 2

Feature Extraction

2.1 Overview

In this chapter I explain why I’ve chosen to extract features from the input

signal, present some basis for the features I’ve chosen to extract, and describe

the features and how they are computed. I also explain the types of normal-

ization applied to the data and make some observations about the features

based on visual inspection.

2.2 Why Extract Features?

Nearly all music in this project was scanned from CDs. CD audio has two

channels (left and right) and has been digitally sampled at 44.1kHz. Even

after combining the left and right channels (as was done throughout this

project), a three minute song is approximately 15MB of data. Although we

could attempt to train a classifier using this raw data, this approach has

several problems.
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2.2.1 Space and Speed

Training and using a classifier with 15 million inputs would be horribly slow,

would require large amounts of storage, and would be infeasible on resource-

poor platforms.

2.2.2 Constraining the Problem

If we have too many inputs compared to the number of training examples,

the problem will be poorly constrained and a classifier will not be able to

learn the target function reliably (Bishop, 1995). This is called the “curse

of dimensionality”. Reducing the input to a set of extracted features is one

way to reduce the dimensionality.

2.2.3 Invariances

There are transformations we can apply to our input that would not af-

fect its classification. A classifier would need to learn these invariances and

to extrapolate for some new examples. If we can remove some invariances

through preprocessing, we can reduce the complexity of the function the

classifier needs to learn.

Since our classes depend on how humans process music, we can apply

knowledge of psychoacoustics to find invariances and to scale features in

helpful ways.

2.3 Biological Motivations

2.3.1 Frequency Decomposition

People’s perception of sound is highly dependent on the frequency composi-

tion of that sound. This is easily explained by the mechanics of the auditory
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system.1 The cochlea, part of the inner ear, performs a spectral decomposi-

tion of incident sound waves. This decomposition is one of the most central

characteristics of human hearing. Consequently, most of the features used in

these experiments are based on the spectral decomposition of sound.

2.3.2 Nonlinear Frequency Scale

Two other important characteristics of human sound perception relate to its

nonlinear response and resolution. Frequency plays a large role in sound

perception, and our sense of it works on a log2 scale. When we hear a tone

moving at a constant rate from a low note to a high one, its frequency is

actually increasing exponentially. In order to more closely match human

sound perception, frequency-dependent features use a log2-frequency scale,

rather than a linear one.

2.3.3 Nonlinear Loudness Scale

Loudness perception also works on a logarithmic scale. Our perception of

loudness depends to some extent on frequency (because our ears do not

have uniform sensitivity over all frequencies), but within any frequency,

our perception of loudness is approximately logarithmic. Using a frequency-

insensitive log-scale measure of loudness is less accurate, but is a common

simplification and is used in this project.

2.3.4 Fourier Transform

The Fourier transform is a mathematical transformation that converts signals

in the time domain to the frequency domain, or vice versa. This is most often

used to decompose a time-domain signal into its composite frequencies. The
1A detailed and fascinating description of the human auditory system can be found in

Cook (1999).
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true Fourier transform operates on continuous, analog signals, but there is a

discrete version, which is what is referred to and used here.

The Fourier transform is a convenient and popular method of spectral

decomposition, but in applying it we must overcome two obstacles. One is

simply that event frequency occurs over time and doesn’t have meaning (and

can’t be measured) instantaneously. By using longer windows (more sam-

ples), we measure frequency more precisely. The best frequency resolution

can be attained by transforming the entire sample in a single analysis.

Unfortunately, we also need to worry about time resolution and station-

arity. If we transform a whole song in a single analysis, we will have only

one frequency snapshot of the entire song, and we will not not learn any-

thing about how frequencies change over time. Doing so would also violate

assumptions of the Fourier transform, which would result in significant inac-

curacies. The frequencies present in music change over time, but the Fourier

transform assumes an infinitely long stationary (unchanging) signal. With a

shorter window, the assumption of stationarity and time resolution are more

accurate, but the frequency resolution suffers.

The solutions to these problems conflict, and the only option (with the

Fourier transform) is to select a window size appropriate to the application.

It must be short enough that the signals of interest are nearly stationary

and to give us reasonable time resolution for our needs, but must be long

enough to provide us with sufficiently precise frequency resolution. Selecting

a window size depends on how precise our frequency and time estimations

need to be, and over what period frequencies are considered approximately

stationary by human listeners.

Wold et al. (1999) suggest that using a window size of 25-40ms is rea-

sonable. An additional practical consideration is that, for most FFT (Fast

Fourier Transform) implementations, the number of samples in the window
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must be a power of two. The library I used (FFTW2) doesn’t have this re-

striction, but with the default configuration it does run significantly faster if

the sample size is a multiple of small primes. With a 44.1kHz sampling rate,

30ms windows each contain 1470 (2× 3× 5× 7× 7) samples.

The short window is moved incrementally over the segment and a fre-

quency snapshot is calculated in each position. In some other applications,

the window is moved in small increments, and estimates are made using

overlapping frames. In this project, the window was applied to adjacent,

non-overlapping areas, moving in increments equal to the window size. This

reduces the time resolution of the features, but also reduces the amount of

computation required. The features used in this project were only used in ag-

gregate, so the additional data would not have been useful enough to warrant

the extra computation.

2.4 Features

A total of 46 features are extracted from the audio signal, many of which

are closely interrelated. The complete list of features is enumerated in Ap-

pendix A.

The features are extracted in three stages at three time scales. First,

short term features are extracted from 30ms frames. These form the core of

nearly all the final features, but they are first aggregated in two scales. The

means and variances of the short term features are measured over 4-second

intervals, and the means and variances of those medium term features are

calculated over the whole song.

The goal is to measure (albeit roughly) the behavior of the short term

features in two different scales. The two-level system gives some measure

of the characteristics of the music over the short term (four seconds) and
2http://www.fftw.org/
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long term (whole song). Ideally, this would capture the essential differences

between a song in which a short term feature changed rapidly but consistently

throughout the song, and one in which there were significant but gradual

changes.

2.4.1 Short Term Features

Loudness

The only directly measurable feature of audio is amplitude. It is amplitude

data that is sampled at 44.1kHz and recorded onto CDs. “Loudness” refers to

what people perceive, and as discussed in Section 2.3, can be approximated

as the log2-amplitude of the signal. Amplitudes in the source data are 16-bit

signed integers; the resulting loudness is multiplied by 100 so it can be stored

as an integer with reasonable precision. In the formula below, N = 1470, the

number of samples in the window analyzed.

loudness = 100 log2

(

1 +
1
N

N
∑

t=1
|at|

)

(2.1)

An additional complication in measuring loudness is that the signal am-

plitudes on a recording may not reflect typical listening conditions. Ideally,

we would use post-amplification loudness, not the loudness of what’s on the

recording. While we can’t correct for the listening environment without

knowing what it would be, we can correct for different recording levels. If,

under the same listening conditions, a listener would play two recordings

with different amplification, and if we can predict the desired amplification,

we should correct for it.

In order to use a song’s overall loudness as a single feature and to make

the other loudness-related features independent of this level, the loudness-

related features are each scaled according to a normalization factor chosen

for each song. The loudness scaling factor is discussed in more detail in

13



Section 2.4.3.

Centroid

The centroid is the energy-weighted mean of the frequencies. It is the

weighted mean of the frequencies of sinusoidal components, where each com-

ponent is weighted by the amount of energy in that frequency (i.e. by the

amplitude of the component). To more closely match human frequency per-

ception, a log scale is used for the frequencies. The results are multiplied by

1000 for implementation convenience (so they can be stored as integers with

greater precision).

In Equation 2.2, ef is the energy in frequency bin f . Since each win-

dow contains 1470 samples, the FFT yields 735 unique frequency bands. N

refers to this number. Because the Fourier transform transforms to a linear

frequency scale, log2 scaling is done here.

centroid =
1000
N

∑N
f=1 ef log2 f
∑N

f=1 ef
(2.2)

Wold et al. (1996) explained the centroid as a measure of brightness, which

is especially useful in conjunction with pitch. Polyphonic music doesn’t have

a single pitch, but the centroid is still a useful coarse measure of frequency

distribution.

The centroid and bandwidth are given in units of thousandths of log-

frequency-bin. Relating the FFT frequency bin back to Hz depends on the

sampling rate of the original source. For 44.1kHz, each bin corresponds to

30Hz.

Bandwidth

Another useful measure of frequency distribution is bandwidth. While cen-

troid is an energy-weighted mean, bandwidth is an energy-weighted standard
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deviation, and is a measure of the frequency range of the signal. As with

the centroid, the bandwidth is multiplied by 1000 for implementation conve-

nience.

bandwidth = 1000

√

√

√

√

∑N
f=1(centroid− log2 f)2ef

∑N
f=1 ef

(2.3)

Uniformity

The final spectral measure used is frequency uniformity, which measures the

similarity of the energy levels in the frequency bands. Raw uniformity values

are in the range [0, 1], but for implementation convenience are scaled here by

1000 to have a range [0, 1000].

uniformity = −1000
N

∑

f=1

(

ef
∑N

f=1 ef

)

logN

(

ef
∑N

f=1 ef

)

(2.4)

The formula is identical to that used for information entropy, but it would

be inappropriate to call this feature “entropy”, since the signal is ordered in

ways not captured by it. The limitations of the uniformity measurement are

most apparent with highly harmonic sounds. Four voices can lock a chord and

and create many strong overtones, resulting in a signal with a high measure

of frequency uniformity, though the signal is actually highly organized and

sounds very little like noise.

Measuring the tonality or harmonicity of polyphonic music was too dif-

ficult to be included in this project. Uniformity is meant to be a rough

substitute, measuring one aspect of tonality. The main difference is that

uniformity is insensitive to the position of the frequency energies. A pleasant

sounding chord would have the same uniformity if the notes were each shifted

in frequency, but it would sound quite different (and in most cases, rather

unpleasant). Uniformity can, however, distinguish between highly pitched

sounds (with most of the energy in relatively few frequencies) and highly
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unpitched sounds (with the energy distributed across more frequencies). For

example, a single sinusoid would have zero uniformity, while white noise

would be at the other extreme (Ellis, 1996).

The uniformity measure used here gives equal weight to each frequency

band. It might be appropriate in future work to discount higher frequencies

on a log2 scale, as is done with the other spectral measurements.

First Differences

First differences give a rough (though narrow) view of trajectory, and were

used by Wold et al. (1996) as a feature for audio database indexing. A first

difference is a discrete analog to the derivative.

dt(x) = xt − xt−1 (2.5)

First differences are computed for centroid, bandwidth, and uniformity,

resulting in an additional three short term features.

2.4.2 Medium Term Features

The medium term features consist entirely of means and standard deviations

of the short term features. There are eight short term features: loudness,

centroid, bandwidth, uniformity, and the difference of each of those from the

previous short frame. The medium frame is four seconds long, so there are

120 samples of each principal short feature and 119 of each first difference.

Wold et al. (1999) use weighted statistics, weighting features of each seg-

ment by the segment’s loudness, arguing that the characteristics of louder

frames are more salient. It sounds plausible, but there was no investiga-

tion into whether it actually helped. I used both unweighted and loudness-

weighted measurements in order to allow such an investigation, but due to

time constraints was unable to follow through.
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Means and standard deviations are computed for each of the eight fea-

tures. Weighted means and deviations are computed for the centroid, band-

width, and uniformity, resulting in a total of 22 medium term features.

2.4.3 Long Term Features

Length

The first and simplest feature is just the length of the song, measured in

seconds. Songs were taken directly from CD tracks, so there’s often a short

silence at the beginning and end, but usually total less than four seconds

(in informal inspections). The average song length across all classes is 245

seconds with a standard deviation of 118 seconds, so the extra few seconds

is not significant.

Loudness Scale Factor

Since it’s possible that the overall loudness is a useful predictor of musical

style, the scale factor is used as a feature. There is no obvious best choice

formula for loudness scaling. Some applications linearly scale all amplitudes

so that the maximum absolute amplitude in the song equals some predefined

constant. This doesn’t, however, accurately reflect real listening conditions.

A person adjusting a volume control isn’t going to play an entire album so

quietly they can barely hear it just because there’s a loud cymbal crash at

one point in one song.

In this project, the loudness scale factor is defined as follows: Each

medium (four-second) frame is assigned an overall loudness rating of its

mean loudness plus one standard deviation of the loudness in that frame.

The maximum of these is chosen as the scale factor.

scale factor = max(loudnessm + σ(loudness)m)
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Arguments could be made for other methods, such as those based on

short term maximums rather than short term averages, or ones that ignored

rare loudness peaks.

The scale factor can only be chosen after loudness is measured over the

whole song, but the feature extraction software is otherwise a single-pass sys-

tem that doesn’t need to keep a whole song in memory. This is not a problem

for the average case (240 seconds × 44.1kHz × 16 bits per sample = 20MB),

but the longest song in the data set (20 minutes) would require 101MB, and

it’s not hard to find songs twice as long. Also, if features are added that

exploit stereo channels, the system would have to retain them (instead of re-

ducing to a single channel, as is done now) and memory requirements would

double. In some applications, the song is available on disk anyway and could

be read twice, but it’s advantageous to be able to work on audio streams,

so a single-pass system is desirable. Therefore, the features that combine

loudness with other local measurements use an unscaled loudness measure,

since that’s all that’s available at the time, and the features that depend only

on loudness are scaled at the end of the analysis.

Statistics

Just as the medium term features are the means and standard deviations of

the short term features, 44 of the 46 long term features are the means and

standard deviations of the 22 medium term features.

2.4.4 Normalization

Different features have different means and variances. Some classification

methods (neural networks, k-Nearest Neighbor) are sensitive to the scale of

the features, especially in relation to each other.

Neural networks function best when the sum of their weighted inputs is

near zero so that the sum lies in the most sensitive range of the activation
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function. Standardizing and scaling the inputs takes care of this (Sarle,

1999).

It is important to transform all data sets in exactly the same way if they

are to be used with the same classifiers. The first training set was used to

select normalization parameters, and these adjustments were applied to all

data sets uniformly.

2.4.5 Revisions

In the first implementation, the loudness measure was based on amplitude in-

stead of log-amplitude. Since the human auditory system perceives loudness

as log-amplitude, as described in Section 2.4.1, log-amplitude is more likely

to be a useful feature for discriminating among human-labelled classes. The

use of raw amplitude was an error, but went unnoticed until discussing the

features in detail with a colleague. Having already run classification trials

on the amplitude-based features, the usefulness of the two loudness measures

could easily be compared, and such comparisons appear in Chapter 3.

2.5 Data

Because audio data takes so much storage space, the songs were stored in

compressed form using the MPEG-1 layer 3 (MP3) format. This format uses

lossy compression, and encoding the same recordings with a different encoder

or the same encoder with different settings might yield slightly different fea-

ture vectors. For nearly all the data, xingmp3enc3 was used with variable

bitrate and quality setting of 75 (higher than default). For some of the data

(encoded earlier), BladeEnc4 was used at 128kbps. In all cases, decoding was
3http://www.xingtech.com/mp3/encoder/
4http://bladeenc.mp3.no/
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done using mpg1235. Some songs were selected at random for blind listen-

ing tests, and in all cases the decompressed audio is nearly indistinguishable

from the original CD tracks, and the original could not be identified reliably.

2.5.1 Inspection

Figure 2.1 shows a Hinton diagram of the feature correlation matrix for the 7-

class training data. The size of each square corresponds to magnitude of the

correlation. White squares represent positive correlations, and black squares

represent negative correlations. The features appear in the same order as in

Appendix A, with the first feature in the leftmost column and top row.

The Hinton diagram reveals a high degree of correlation between most

features. Most pairs of features 8 to 18, 20 to 30, and 36 to 46 are highly

positively correlated, and this makes the plot look organized (and a bit like

a tartan). These are all the spectral features except mean(mean(centroid)).

Features 8 to 18 are the basic aggregated spectral features, features 20 to

30 are the same things with loudness weighting, and features 36 to 46 are

their first differences. Each feature has a high positive correlation with its

counterpart in the other two blocks. Features which correlate with them

also correlate to their counterparts, which causes the large squares in the

diagram.

While some of the features may share computational dependencies, some

of the correlation is due to musical style common to all classes. For exam-

ple, mean centroid and uniformity (features 7 & 15) have a 0.54 correlation

and mean bandwidth and uniformity (features 11 & 15) have 0.70 correla-

tion. This can be at least partly explained by the typical musical use of

different frequency ranges. Pitched instruments are generally pitched in the

mid or low range (50Hz-2kHz) and most instruments don’t produce signif-

icant harmonics three or four octaves above (8-16 times the frequency of)
5http://www.mpg123.de/
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their fundamental tone. The only sources of significant energy in the highest

frequencies is from unpitched sources such as percussion or vocal fricatives,

which have a fairly uniform energy distribution across all frequencies. The

bandwidth and centroid only reach their peak values when there is signifi-

cant energy in the highest frequencies, which increases their correlation with

uniformity.

Figure 2.1: Feature correlations

Figure 2.2 shows two features of the 2-class training data: the mean-

mean centroid plotted against the mean-std of the centroid. (This is the

average frequency against the average deviation of the frequency over four-
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second segments.) Although there isn’t clean separation, even just these two

dimensions reveal the different distributions of the two classes.
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Figure 2.2: mean(mean(centroid)) vs. mean(std(centroid)) with 2-class

training data.

Similarly, the distributions of the 3-class data are easily seen in the plot

of mean uniformity vs. mean bandwidth, shown in Figure 2.3.

There are no two features that allow us to clearly distinguish all seven

classes of the 7-class data, though many pairs of classes are distinguishable

(but not separable) with the right pairs of features. Figure 2.4 shows the

loudness scale factor, which appears to be useful (though far from sufficient)

to distinguish classical music from the other classes.

2.5.2 PCA

Principal Components Analysis (PCA) is a statistical method of unsuper-

vised learning. It discovers an ordered set of orthogonal axes, each one
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Figure 2.3: mean(mean(uniformity)) vs. mean(mean(bandwidth)) with 3-

class training data.

aligned along the maximum variance in the dimensions not described by

the higher components. This is done by finding the eigenvectors of the co-

variance matrix and ordering them by their corresponding eigenvalues. The

eigenvalues indicate the relative portion of the data’s variance explained by

the corresponding eigenvector.

PCA is mainly used for reducing dimensionality by projecting data onto

the principal components, then keeping only the k highest components, which

describe some desired portion of the total variance. This can be useful if di-

mensionality reduction is crucial, such as for visualization and computational

tractability, or when the problem is underconstrained. Axes of high variance

are not necessarily those most useful for classification, so when possible, it’s

best not to use PCA to discard data.

PCA is useful for visualization because humans find it difficult to view
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Figure 2.4: Loudness scaling factors in 7-class training data.

data in more than two or three dimensions at a time. Instead of inspecting

plots showing the correspondence of two arbitrary raw features, we can see

plots of composite features of relatively high variance. Not seeing separa-

tion in these pairs doesn’t tell us that the data isn’t separable, since several

dimensions may still be required, but if we do see patterns, they may be

helpful in telling us that the data is separable and what sort of shape it

takes. Figure 2.5 shows the 3-class data projected onto its first two principal

components.

Even if no dimensionality reduction is necessary and all principal compo-

nents are used, projecting the data onto their principal components is still

useful because the principal components will be completely uncorrelated.

Correlated inputs don’t pose any problems to most classification systems,

but can make feature relevance analysis difficult (Sarle, 2000). Analyzing

the relevance of uncorrelated features is simpler, but then there’s the prob-
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Figure 2.5: 3-class data projected onto first two principal components

lem of the features being hard to understand because they’re composites of

several possibly unrelated measurements.

Nearest neighbor classifiers also have problems with correlated inputs,

but they have problems with features of unspecified relevance in general.

As with normalization, when using one network with two data sets (train-

ing and testing, for example), it’s crucial to project all sets of data onto the

same axes. Each data set was projected on the principal components of the

first training set.

Figure 2.6 shows how much variance the first k principal components

explain for each data set. In all three tasks, the first 15 principal components

explain 95% of the variance. Figures 2.7, 2.8, and 2.9 show the principal

components of the 2-class, 3-class, and 7-class data sets respectively.
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2.6 Chapter Summary

In this chapter, I explained why feature extraction is important, described

the features I extracted from audio samples, described the normalization

applied to the data, and commented on the distribution of the features of

the sample data.

26



Figure 2.7: Principal Components of 2-class data

27



Figure 2.8: Principal Components of 3-class data
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Figure 2.9: Principal Components of 7-class data
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Chapter 3

Classification

3.1 Overview

This chapter describes the classification tasks (§3.2) and how the data was

partitioned (§3.3) for optimization and training.

Each classification task was done with each of three classifiers: Gener-

alized Linear Model (GLM), Multilayer Perceptron (MLP), and k-Nearest

Neighbor (k-NN). A basic knowledge of these classifiers is assumed. Some

of the relative advantages of each are mentioned, but for a more thorough

understanding of how each classifier works, see Bishop (1995) and Mitchell

(1997). Each classifier is presented in its own section (§3.4,§3.5,§3.6) where

the classifier is described briefly, the optimization procedures are described,

and the test results are presented.

In Section 3.7 I discuss feature relevance, how I had hoped to compute

it, the problems encountered, and possible solutions for future endeavors.

At the end of the chapter is a review of the chapter and my observations

and conclusions regarding the classifiers, their usefulness at the observed level

of accuracy, and the relative merits of each classifier in the context of their

performance.
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3.2 Classification Tasks

Each classifier is trained on a set of labelled examples, then tested on other

cases whose true classification is known to us but not given to the classifier.

Experiments were done for three different classification tasks. The three

tasks were:

2-class task
1. Collegiate A Cappella
2. Professional A Cappella

3-class task
1. A Cappella
2. Electronica (Techno & House)
3. Pop/Rock

7-class task
1. A Cappella
2. Celtic
3. Classical
4. Electronica
5. Jazz
6. Latin
7. Pop/Rock

The 2-class task used highly similar genres. All songs in both classes

contain only vocal music, though the styles vary considerably. College a cap-

pella groups tend to be large (12-20 people) and sing mostly rock and pop

covers. Most professional a cappella groups have between four and eight

singers, and the styles are a bit more diverse. Most songs in the data sets are

rock/pop, but there are also examples of barbershop and classical chorale. A

few professional groups also use extensive distortion effects in some songs.

The 3-class task used three highly dissimilar genres. The 7-class task used

a broad range of genres, some of which are highly dissimilar (Electronica,

Classical), and some of which are fairly similar (Latin, Jazz).
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3.3 Data Partitioning

3.3.1 Avoiding Bias

To avoid bias, it is important to use each data example only once in a sin-

gle analysis. For example, if the same data was used to train and test a

classifier, the test would not give a good indication of how we might expect

the classifier to perform on new data. Given the amount of time and effort

invested in acquiring, labelling, and processing data, it can be tempting to

reuse data for seemingly separate parts of a long analysis, such as network

model order selection and final testing. But any such reuse is likely to cause

overestimation of the accuracy of the classifier and taints the usefulness of

the experiment. Also, the same test data was used for all classifiers1 so that

they may be compared fairly.

Each classifier is optimized using a different procedure and requires data

to be partitioned in different ways. The GLM is simply trained and tested,

but we need to choose the number of hidden units of the MLP and the number

of neighbors used in k-NN. These model selection optimizations were done

using a separate data set. This will be explained in detail in the sections on

each classifier.

Although it would have been simpler to combine model selection and

training into a single optimization step, I wanted to compare the three clas-

sifiers fairly, using the same training data for each. In hindsight, the distinc-

tion between the optimization steps of model selection and training may be

arbitrary and perhaps not as useful as I originally envisioned. The optimiza-

tion steps themselves are important, but performing them serially introduced

complication that could have been avoided.

For each task, the training and test sets had the same class distribu-
1Except the one in Section 3.4.2 that used data from an older version of the feature

extractor.
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Task Model Selection Training Testing

2-class 100 100 100

3-class 100 100 50

7-class 50 50 50

Table 3.1: Data set sizes

tion. Table 3.1 shows the number of examples per class for model selection,

training, and testing in each task.

Appendix C lists all the songs used in each data set for each task. No

data appeared in more than one set within a single task. In many cases there

was significant overlap among analogous sets in different tasks. Since tasks

are independent, this introduces no bias. The same three data sets were

used with each classifier. The exact use of each data set is specific to the

classification method and is described in Sections 3.4.1, 3.5.1, and 3.6.1.

3.3.2 Consistency

In many of the experiments, the data is normalized and/or projected onto its

principal components. Data remains internally consistent after these trans-

formations, but can no longer be directly compared with other data that has

not been transformed identically. Classifiers trained with data transformed

to one set of axes would not perform well trying to classify data transformed

differently. It is absolutely crucial that all data used by a single classifier be

projected on the same axes and scaled identically.2

One way to ensure consistency would be to calculate the principal com-

ponents and normalization parameters of all the data together, and to apply

the transformations based on those calculations uniformly on all data. This
2I speak with the frustrated voice of experience, despite having known better.
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would be inappropriate because the classifiers would then be constructed and

trained using data that contained knowledge gleaned from the test sets. This

would introduce bias and would cause us to overestimate the reliability of the

classifiers. Instead, the data sets must be transformed using only knowledge

about themselves and data sets used in earlier processing.

The model selection data set was used as the reference set for all PCA

and normalization throughout these experiments. Normalizing raw features

vectors usually entails subtracting the mean and dividing by the standard

deviation. For the training and test sets, it instead entailed subtracting the

mean and dividing by the deviation of the model selection set. Similarly,

instead of projecting each data set onto its own principal components, they

were each projected onto the principal components of the model selection

set.

3.4 GLM

A Generalized Linear Model (GLM) is a neural network consisting of two

layers, inputs and outputs, and using linear activation functions. It is a

simple network, capable of learning only simple decision boundaries, but it

can be trained quickly. Figure 3.1 shows an example GLM network with five

inputs and two outputs.

The networks were trained with target values of 0.9 for the output unit

corresponding to the correct class, and 0.1 for all other outputs.

The GLM networks had 46 inputs, one for each element of the feature

vector, and had one output per class.

3.4.1 Method

For each classification task, two GLM networks were trained and tested. One

used the 46 features, normalized; the other used the 46 features projected
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Figure 3.1: GLM network with five inputs and two outputs. (Biases not

shown.)

onto the their principal components and then normalized. Reprojecting the

data should have no effect on the accuracy of the network, but does affect the

interpretability of its internal state. Training a GLM is straightforward, so

the use of the data sets was also quite simple. The training data set was used

for training, and the test data set was used for testing. The model selection

set was not used.

The error function of a GLM is convex and has only one minimum. Con-

sequently, training a GLM is fast, deterministic, and insensitive to the initial

weights. The weights are adjusted with an iterative reweighted least squares

algorithm until a convergence criteria is satisfied.

3.4.2 Results

Table 3.2 shows the classification rates on the three tasks.

Accuracy of Results

We are interested in the true error rate of the classifiers, but we can only

measure them with a limited set of test data. Using larger test sets helps;
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Task Classification rate (%)

2-class 77

3-class 82

7-class 67

Table 3.2: GLM classification rates

the smaller a sample is, the less likely it is to represent the population accu-

rately. The classification rates measured over the test data are estimates of

each classifier’s true accuracy. The only way to be completely certain that

the measured error is an accurate estimate is to test with the entire popu-

lation, which is usually impractical and often impossible. What we can do

is compute the variance of observed estimates and the interval in which the

true error of the classifier is likely to be with a specified degree of confidence

(Mitchell, 1997).

Equation 3.1 shows the variance, given our estimated error rate ê and the

sample size n.

σ2 =
ê(1− ê)

n
(3.1)

With a sufficiently large sample size (at least 30), it is reasonable to

approximate the binomial distribution of our sampling with a Gaussian dis-

tribution. In a Gaussian distribution, 95% of data lies within 1.96 standard

deviations of the mean. We can therefore say with 95% confidence that true

mean lies within 1.96 deviations of our observation.

e in ê± 1.96σ (3.2)

Applying this formula to the classification rates in the tests yields the

95% confidence intervals shown in Table 3.3.
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Task Classification rate (%)

2-class 69 . . . 85

3-class 71 . . . 93

7-class 53 . . . 80

Table 3.3: GLM classification rates: 95% confidence intervals.

Confusion

Table 3.4 shows the confusion matrix of the GLM on the 3-class task. Each

row in the matrix corresponds to the true class of the data, and each column

corresponds to the class predicted by the classifier. The number appearing

in cell Crc is the number of test cases of class r which were classified as class

c. The same data appears in a Hinton diagram beneath the table in order to

make trends easier to see.

Class AC. Elec. Pop Correct (%)

A Cappella 41 1 8 82

Electronica 2 44 4 88

Pop 7 5 38 76

Table 3.4: Confusion matrix of GLM on 3-class task.

The network performs fairly uniformly over all three classes. The er-

rors are roughly symmetric. For example, only two cases of Electronica are
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labelled as A Cappella, and only one case of A Cappella is labelled as Elec-

tronica. This symmetry could indicate simple distributions of each class

(possibly convex and contiguous), but to verify this visually would require

reducing the data from 46 dimensions to three, without losing information

valuable in classification. This is explored in more depth in Section 3.7.

Table 3.5 shows the confusion matrix of the GLM on the 7-class task.

The GLM classified Classical and Latin well, but performed poorly on Jazz

and Pop.

Class AC. Celtic Class. Elec. Jazz Latin Pop Correct (%)

A Cappella 30 3 4 2 5 3 3 60

Celtic 3 35 1 1 1 3 6 70

Classical 0 3 45 0 0 0 2 90

Electronica 1 0 1 38 0 6 4 76

Jazz 4 3 5 3 22 5 8 44

Latin 0 1 1 0 6 41 1 82

Pop 3 0 1 8 9 4 25 50

Table 3.5: Confusion matrix of GLM on 7-class task.
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Revised Features

On the 2-class task, the GLM achieved a 77% accuracy rate, with a near-

equal number of misclassifications of each class. On the same task using

the original feature set, with amplitude as loudness instead of log-amplitude,

only 61% was achieved, again with a near-equal number of misclassifications

of each class.

An important question to address is whether this difference is significant.

We expect to see some variance due to sampling error. The classification

rates yielded by the tests are estimates of the true accuracy the classifiers

would achieve on the entire population from which the test data was drawn.

Sampling theory provides statistical methods of estimating the likeli-

hood that the greater accuracy shown here truly indicates a better classi-

fier (Mitchell, 1997). The estimated difference, d̂, is simply the difference

between the estimated error rates.

d̂ = ê1 − ê2 (3.3)

The true difference between the error rates of the two classifiers is the

difference between their true error rates. Just as we can find an interval in

which the error lies with a given confidence (see Equation 3.2), we can also

find a confidence interval for the true difference between the error rates. The

variance of the estimated difference is approximately equal to the sum of the

variances of each estimate.

σ2
d̂ ≈

ê1(1− ê1)
n1

+
ê2(1− ê2)

n2
(3.4)

The likelihood that the classifier using the original feature set is actually

as good as the new one is equal to the likelihood that d ≥ 0, meaning that

d̂ has overestimated the difference by its mean µd̂. With Equation 3.4 we

find that σd̂ = 0.064, so our observed difference of 0.16 corresponds to 2.48
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standard deviations. A quick table lookup shows that the probability of an

observation falling above the mean to this extent is less than 1%. Therefore,

we can say with 99% confidence that the classifier trained on the new feature

set is indeed better than the original.

Log-loudness is clearly a better choice based on psychoacoustics, and

it’s reassuring that it results in improved classification accuracy. It’s less

reassuring though that removing all loudness features increases the accuracy

just as much. In Chapter 2, Figure 2.2 showed the mean(mean(centroid))

plotted against the mean(std(centroid)) of the 2-class training data. A GLM

trained on only the two features mentioned above achieves 79% accuracy,

marginally (but not significantly) better than one trained on all features.

It is not surprising that many of the features are not helpful for this par-

ticular task of distinguishing between highly similar styles. It is worth noting,

however, that these two features were present in the original feature set. Nei-

ther one depends on the loudness measure that was revised. The addition of

unhelpful features can reduce the accuracy of a classifier by increasing the

degrees of freedom of the solution without increasing the constraints (Bishop,

1995), and this may account for the difference in performance.

3.5 MLP

A multilayer perceptron (MLP) is a feedforward neural network. The ones

used here have 46 input units each of which is connected to all the hidden

units. The number of hidden units varies and is described below. There

is one output unit per class, and all hidden units connect to each one. All

hidden and output units in these networks use the logistic activation function.

Figure 3.2 shows a multilayer perceptron with a similar architecture to those

used, though with a different number of units.

As with the GLM, the target value for the output unit corresponding to
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Figure 3.2: MLP network with five inputs, two hidden units, and four out-

puts. (Biases not shown.)

the correct class was 0.9, and 0.1 for all other outputs.

The procedure for training and testing MLP networks is more complex

than that for the GLM networks. The added complexity comes from three

complications: the number of hidden units must be chosen; MLPs are sensi-

tive to initial conditions and can get stuck in local minima; MLPs can find

class boundaries of complex shape and can easily be overfit to the training

data.

Each MLP network was trained with backpropagation using scaled conju-

gate gradient optimization until the network weights converged. Convergence

was defined as a change in training error less than 0.01% in 50 iterations.

3.5.1 Method

Model Order Selection

One way to reduce overfitting is to reduce the network’s ability to represent

complex functions by limiting the number of hidden units (Bishop, 1995).
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This is model order selection and was the only precaution taken here against

overfitting. To avoid bias, the data used for model order selection was not

used for anything else.

For each classification task, networks with up to seven hidden units were

trained and tested. Because MLP networks find locally optimal solutions,

but not necessarily globally optimal ones, each order of network was trained

and tested 20 times. Each time, the data was randomly repartitioned into

training and validation sets and the networks weights were assigned different

random initial weights.

It’s not clear how to judge the best number of hidden units; it depends

on what we’ll eventually do with our networks. Best case, worst case, and

average case are all valid measures, each useful in different situations. Here

I used average case; the overall score for each network order was the mean

of the validation rates of each of the 20 trials. The best overall network

order was defined as the one with the highest mean validation rate. This is

illustrated in pseudocode in Figure 3.3.

For each task
· For h = 1 . . .max hidden
· · For t = 1 . . . num restarts
· · · Randomly partition data into training and validation sets
· · · Train network with h hidden units to convergence
· · · Record validation rate rh,t

· · end
· · Record mean validation rate rh

· end
· Select best architecture h = argmin(rh)
end

Figure 3.3: MLP model order selection algorithm.
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Training and Testing

For each task, a single MLP network is trained. The network has the number

of hidden units that perform best in model order selection. The training data

is randomly partitioned into training and validation sets, using one seventh

of the data for validation. The training data is used to train the network

to convergence, then the network is tested with the validation data. If it

does not perform as well as the mean performance of the same order network

in model order selection, the network is discarded, the data is randomly

repartitioned, and the training and validation are repeated. Once a network

is accepted, the test data set is run through it to determine its unbiased

performance rate.

3.5.2 Results

Table 3.6 shows the mean validation rates for each model order and task.

The best model order is for each task is shown in bold. Figure 3.4 shows the

same data as a graph, in which it is clear that additional hidden units are

not helping.

% Correct for

N hidden units

Task 1 2 3 4 5 6 7

2-class 71 70 68 66 66 65 64

3-class 55 82 81 80 78 77 78

7-class 24 36 48 56 58 57 57

Table 3.6: Classification rates of MLP network with 1 to 7 hidden units.

The three tasks needed between one and four tries before acceptable net-

works were trained. Table 3.7 shows the classification rates on the test sets
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Figure 3.4: Classification rates of MLP network with 1 to 7 hidden units.

for each task. The rates are similar to those achieved by the GLM. Tables 3.8,

3.9, and 3.10 show the confusion matrices for each test set. The distribution

of misclassifications is also very similar to those made by the GLM. This sug-

gests that the optimal class boundaries are fairly simple, since the addition

of a hidden layer offers no significant improvement.

Task Classification rate (%)

2-class 79

3-class 83

7-class 62

Table 3.7: MLP classification rates
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Class Col. Pro. Correct (%)

College 73 27 73

Professional 16 84 84

Table 3.8: Confusion matrix of MLP on 2-class task.

Class AC. Elec. Pop Correct (%)

A Cappella 41 3 6 82

Electronica 0 48 2 96

Pop 7 7 36 72

Table 3.9: Confusion matrix of MLP on 3-class task.
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Class AC. Celtic Class. Elec. Jazz Latin Pop Rate (%)

A Cappella 23 4 3 4 3 5 8 46

Celtic 4 39 2 1 0 2 2 78

Classical 2 6 39 0 3 0 0 78

Electronica 1 1 0 31 12 0 5 62

Jazz 8 0 1 5 26 5 5 52

Latin 2 1 0 0 4 36 7 72

Pop 4 2 0 5 10 7 22 44

Table 3.10: Confusion matrix of MLP on 7-class task.
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3.6 k-NN

Another common classification method is k-Nearest Neighbor (k-NN). This is

a lazy-learning, local classification algorithm. While neural networks require

training, and build a hypothesis that covers the entire feature space, k-NN

requires no training and forms no global hypothesis. When classifying each

new data point, it forms a hypothesis covering only that point in the feature

space, and discards the hypothesis immediately after classification.

The basic algorithm is simple. For each new data point to be classified,

the k nearest training examples are located. The predicted class of the new

point is whichever class has the most members in the set of the k nearest

points. In this case, “nearest” was defined to mean the smallest Euclidean

distance in the feature space. In the case of a tie, the tie was broken randomly.

Note that the k-NN algorithm used here does not distance-weight the votes

of neighboring points, as is sometimes done.

The chief drawbacks to k-NN are:

1. Large storage requirements; k-NN requires the entire feature vectors of

all training data when it classifies new data.

2. Slow classification; k-NN can be slow at classification time compared

to neural networks.

3. High sensitivity to feature scaling, redundancy, and interaction.

But k-NN also has important advantages:

1. Requires no training; this is especially helpful when new training data

is introduced, since it can be added to the training without any up-front

cost.

2. Can learn complex functions; because k-NN uses only local hypothe-

ses, it can learn complex functions without needing to represent them

explicitly.
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The impact of the storage requirements and postponed computation can

only be evaluated in the context of a specific application. There are applica-

tions of music classification for which the advantages of k-NN are important

and ones where they are not, and the same is true of the disadvantages listed.

What can be evaluated here is the relative accuracy of k-NN for our

classification tasks, and here it performs comparably.

3.6.1 Method

There are three important ways to adjust the performance of the k-NN clas-

sifier:

1. change the distance function,

2. rescale the features,

3. change k, the number of neighbors consulted in each classification.

The relative scale of each feature determines their relative importance in

k-NN’s classifications. This can be a crucial optimization, and finding good

relative feature scaling can be difficult. Wettschereck et al. (1997) discuss

this at length and compare several lazy learning algorithms that attempt

to fix this problem, but since the initial performance of the classifier was

reasonable, this optimization was not attempted.

k was optimized using the model selection data set. For each value of k =

1 . . . 40, this data set, reprojected and normalized, was randomly partitioned

into training and validation sets (6
7 training, 1

7 validation). The classes of

each point in the validation set were predicted using this training set. A

value of k was chosen by visually inspecting the graph of classification rates

and selecting the smallest number that worked reasonably well.

Testing was then done using only the selected value of k. k-NN requires

no training; the test set was classified using the training set as the reference.
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The input vectors given to the k-NN classifier were the 46 features, pro-

jected on their principal components and normalized to have uniform mean

and standard deviation3.

3.6.2 Results

The classification rate for each k appears in Figure 3.5. The rates in each

task are fairly flat after a peak around k = 5, so that value of k was used for

testing in all tasks.

Table 3.11 shows the classification rates of the test set for each task.

These are similar to the results of the GLM and MLP networks. In Chap-

ter 2, Figure 2.5 showed the 3-class data projected onto its first two principal

components. If the class distributions in this plot are representative, as is hy-

pothesized in Section 3.5.2, it should not be surprising that k-NN performed

as it did.

Task Classification rate (%)

2-class 75

3-class 82

7-class 62

Table 3.11: k-NN classification rates

The classes have simple, partially overlapping distributions. In regions

where one class dominates, the neighbors are likely to be of the same class

and k-NN will perform well. In regions where the classes are mixed, the

mixing is complete enough that k-NN is unlikely to perform well. Thus,

k-NN will perform well to the extent that the classes are well separated.
3Actually, onto the principal components of the model selection set, as described in

Section 3.3.2
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The same is true of the GLM and MLP, and their classification rates and

confusion matrices are nearly identical to those of k-NN.
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Figure 3.5: k-NN classification rates using k neighbors.

3.7 Feature Relevance

I had originally hoped to inspect a trained GLM network and determine the

relevance of the inputs to the classification task. This would allow us in

future projects to discard some features or to avoid computing them in the

first place, to avoid storing them (in the case of k-NN), and to speed training

and classifying. The reduced dimensionality might also increase classification

accuracy.

50



3.7.1 Method

Each input unit corresponds to one feature and each output unit to one class

membership (or a likelihood, if scaled appropriately). Ideally, the magnitude

of the weights from each input to each output would reflect the importance

of that feature to that class distinction within the context of the task for

which the network was trained.

3.7.2 Pitfalls of Correlation

One problem with this type of analysis is that there are different types of

relevance. John et al. (1994) distinguish between “strong relevance” and

“weak relevance”. Strong relevance denotes indispensable features whose

removal would cause a drop in the classification rate. Weak relevance denotes

features which are not strongly relevant and which are part of a set of features

such that removing the entire set would cause a drop in performance.

Many of the features used here are weakly relevant at best, due to the

high degree of correlation among them. This would complicate experimental

feature selection and also causes problems with network weight analysis. A

relevant characteristic of the training examples would be partially represented

by several correlated features. A network could give this characteristic a

strong weight by having smaller weights spread among the features that

partially capture it.

Additionally, a network could assign large weights of opposite sign to

unimportant but highly correlated inputs. Because the inputs are normalized

and strongly correlated, they will usually have nearly the same value. The

inputs would appear at first to be relevant due to the large magnitude of the

weights, but because they contribute to the output in opposite ways, they

would not actually affect the classifications significantly.

This effect was observed in the GLM network trained for the 2-class task.
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Features 4 and 32 have the highest magnitude weights of opposite sign (−74

and 76, the next largest is −24) and have correlation of 0.99999. With a

correlation that strong, the inputs will usually have nearly the same value

and will cancel out due to inverse weights of similar magnitude.

Since the principal components are orthogonal, the features projected

onto them are also orthogonal and therefore are completely uncorrelated.

Examining the weights of a network trained on projected data would be

more fruitful, but the results would hard to interpret because each principal

component is an amalgam of features.

It might be useful to perform such an analysis, then reproject the relevant

components back into the original feature space for interpretation. Done one

component at a time, the projected weights would show the relevance of each

feature, though much of the relevance would be as weak as the feature was

redundant. This analysis was not done due to time constraints, but would

be worth pursuing in future efforts.

3.7.3 Feature Selection

Bishop (1995) and John et al. (1994) discuss feature selection and make it

clear that the best way to evaluate the utility of a feature set is to train and

test a classifier with it. Unfortunately, the search space is large (2n - 1), so an

exhaustive search is not feasible. There are many heuristics for guided feature

selection (forward selection, backward elimination, genetic algorithm), and

testing with any of these methods would be a good direction for future work.

A simpler method was done here using a simple forward selection of prin-

cipal components where choice was based not on classification utility, but

on the variance explained by each component. This is done by training and

testing a GLM using only the first principal component, then using the first

two, etc. Figure 3.6 shows the classification rates for each task using the first

N principal components, along with the amount of variance they explain.
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Figure 3.6: GLM classification rates using first N principal components.

3.8 Conclusions

3.8.1 Feature Inadequacy

One of the most significant aspects of the results reported here is the similar-

ity in performance of the different classifiers. MLP networks and k-NN are

able to represent more complex functions than GLM networks, but were un-

able to perform any better. This suggests that the optimal decision boundary

between classes in this feature space is both simple and insufficient.

For the 2-class task, this is somewhat supported by Figure 2.2. In it,

we can clearly see the overlapping class distributions. Plots of single pairs

of features are not strong evidence that all the features together are not

sufficient for good discrimination. It could be that although the classes are

not separable using any two features, several features together would suffice.

For the 2-class task, however, a GLM trained using only these two features
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performed as well as one trained on all features. The other features did not

help classification, so the class separation shown with just the two features

was the best available to the classifier. Since this was only tested with a

GLM network, we only know that the other features did not add to the

linear separability. It may be that other classes would have helped separate

the data in ways the GLM could not take advantage of. However, if that

were true, the MLP should have been able to exploit this advantage and

outperform the GLM. We must conclude that the features don’t provide

enough information to make more accurate predictions.

3.8.2 Choosing a Classifier

All three classifiers performed with similar accuracy. Which classifier is best

depends on the advantages inherent in each classifier and which ones were

most appropriate for the application. The MLP, however, has only one ad-

vantage over the GLM, and that is in its potential for higher accuracy on

complex problems. This turned out not to be necessary, and since an MLP

takes longer to train than a GLM, it should not be used. This is, of course,

based on the experiments here. If different features or classes were used,

an MLP might be able to outperform a GLM. The question of GLM versus

k-NN remains, and the tradeoffs here are not as simple.

If the accuracy is the same, k-NN has the following important advantages

over either neural network:

1. It is easy to add new classes with k-NN.

2. It is easy to ignore classes with k-NN.

3. New training examples can be incorporated at any time with no imme-

diate computational cost.

4. k-NN can easily report similar examples.
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To ignore a class in k-NN, we would simply ignore examples of that class

and select the k nearest neighbors of classes we wanted to consider. k-

NN would have an advantage for applications where the classification task

might change. It would also have the advantages a lazy-learning algorithm

always exhibits. It allows new classes to be added without requiring expen-

sive retraining, and can exploit labelled examples added later. All of these

advantages could be important for music database applications.

k-NN’s disadvantages compared to neural networks:

1. k-NN needs more storage.

2. k-NN is slower at classification time.

The speed and storage limitations of k-NN are unlikely to be a significant

obstacle for desktop or server based applications, but could be more serious

for embedded systems. Storing 46 features for each song, approximately

64000 examples would use the same amount of storage as a three minute

song (at 128kbps). If we only needed features of the music on the device to

use for song selection tasks, the storage requirements would be insignificant.

If, however, we wanted to be able to classify new songs using a vast training

database, the storage requirements of k-NN could be a problem.

3.8.3 Performance

The level of accuracy attained is enough to be useful for some applications,

but not for all. It is much better than random, but is much worse than a

person would fare. For applications directly involving human listeners, this

level of accuracy would not be sufficient. If you ask your jukebox to play only

music of a certain genre, only few and minor errors would be tolerable. There

are, however, applications where any improvement over the prior probabilities

of each class is helpful. Some examples are given in Chapter 4.
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3.9 Chapter Summary

In this chapter I presented the results of optimizing three classifiers on three

different tasks. The tasks were a 2-class task of highly similar genres, a 3-

class task of highly dissimilar genres, and a 7-class task with a broad range

of genres. I described my procedure for optimizing and testing Generalized

Linear Models, Multilayer Perceptrons, and k-Nearest Neighbor classifiers,

and presented the results of those procedures.

The results were similar for each classifier. On average the three classifiers

correctly classified 77% in the 2-class task, 82% in the 3-class task, and 64%

in the 7-class task. Their similarity implies that the classes can not be

separated well using this set of features, but allows developers to choose

among classifiers based on their other features.

In the next and final chapter, I review the project and discuss its appli-

cations and possible future directions.
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Chapter 4

Conclusions

4.1 Chapter Overview

In this chapter I summarize the project, list some potential applications ap-

propriate to the performance achieved by the classifiers, and discuss possible

future work.

4.2 Summary

The goal of this project was to create a system that could be used for au-

tomatic music organization. I extracted features from musical audio signals

and used these to train and test three different classifiers (Generalized Lin-

ear Model, Multilayer Perceptron, and k-Nearest Neighbor) to classify music

into genres. With each classifier, three different experiments were run with

different sets of genres.

On average the three classifiers correctly classified 77% in the 2-class

task, 82% in the 3-class task, and 64% in the 7-class task, with little variance

among classifiers. This level of accuracy is not sufficient for all applications.

For example, I would not want to set my jukebox for classical and have a
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Scottish jig come up once every twenty songs. It is, however, good enough

to be useful for a number of applications, some of which are described in

Section 4.3.

4.3 Applications

4.3.1 Providing Good Defaults

Beat Tracking

The beat tracking system developed by Scheirer (1997) has several adjustable

parameters that affect its performance. Optimal values for these parameters

depend on the rhythmic behavior of music being analyzed, and reasonable

values can be chosen based on the genre. The accuracy of the beat tracker

would be improved if its parameters were adjusted for each song based on

the genre predicted from other features.

Labelling

Many people listen to CDs on their computers using software that retrieves

genre and song titles from a central database.1 If someone plays a CD that

is not in the database, they can enter the data themselves and submit it to

the database. All submissions must have a genre selected, but not everyone

is diligent in setting it properly and it is often left on their software’s default

setting. If the genre could be predicted with even modest accuracy, the

prediction could be used as a default. Users would not need to change the

setting as often and the database would contain fewer errors. As an added

bonus, some people would be entertained by the predictions, especially when

they were wrong.
1http://www.freedb.org/
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4.3.2 Finding Similar Music

The features I’ve used for classification could work for similarity measures,

using any of a variety of unsupervised techniques. For example, we could

find songs with the smallest Euclidean distance to the example song in the

space defined by the features projected onto their principal components. The

success of the k-NN classifier (§3.6.2) indicates that a majority of these songs

truly are similar, if our genre labels can be trusted as a measure of similarity.

4.3.3 Enhancing Indirect Methods

In Chapter 1, Section 1.4.3, I described indirect methods of measuring music

similarity that measure the similarity of things related to the music, such

as purchasing patterns, explicit ratings, or physiological effects correlated to

music listening. These methods avoid having to analyze the music, but as a

result they are unable to generalize to new cases. When confronted with a

new piece of music, they are unable to make any judgments about it at all.

By using the similarity metric described in Section 4.3.2, indirect methods

could be extrapolated onto new cases. Predictions could be made for new

cases by using the predictions of the most similar case, having a few of the

most similar cases vote, or by combining the predictions for the most similar

cases if there is reasonable way to do so. This would be especially valuable

in applications where data collection was expensive or inconvenient.

4.4 Future Work

4.4.1 Feature Selection

Some of the features used in this project are redundant and could be dis-

carded without diminishing classification accuracy. If we knew which ones,

we could discard them. As discussed in Chapter 3, Section 3.7, this would
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save time and memory during feature extraction, training, and classification,

and would reduce storage requirements for lazy algorithms such as k-NN.

The reduced dimensionality might also increase classification accuracy.

4.4.2 Sample Size

Parameterizing entire songs was appropriate for the task of classifying entire

songs, but other approaches also could prove fruitful for this or other ap-

plications. People can classify music using shorter samples, and most other

work in computational music analysis has taken a similar approach. It is

more justifiable from a psychoacoustic perspective, and is important if the

analysis is to be applied in realtime.

4.4.3 Temporal Patterns

My system described the temporal behavior of the features in fairly primitive

and coarse ways. First differences captured the magnitude and direction of

changes between 30ms frames, but no larger patterns of movement were

extracted from this data.

The arbitrary distinction imposed by the 4-second frames was intended

to let us differentiate between short term and long term dynamics of each

feature, but there are more sophisticated way to accomplish this. Possibilities

include hidden Markov models, Kalman filters, and frequency decomposition

of the temporal pattern of each feature in a sliding window. Each would

describe the behavior in more detail than the methods used here.

4.4.4 Sensitivity to Noise

It would be useful to measure how features are affected by different kinds of

data degradation. Examples include loss of high frequencies, the addition of
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common types of noise, pre-echo, low sampling rate, merging stereophonic

to monophonic, and other effects of common audio compression methods.

4.4.5 Multiresolution Spectral Decomposition

Frequency decomposition requires trading frequency resolution for time res-

olution. The Fourier transform requires us to choose a single balance be-

tween the two for all frequencies. There are other methods, such as discrete

wavelet transform, that can perform a mulitresolution analysis, using higher

frequency resolution at lower frequencies and higher time resolution at higher

frequencies (Polikar, 1999). This more closely matches human hearing, which

has a higher frequency resolution at lower frequencies.

4.4.6 Other Features

Cepstral Coefficients

Cepstral coefficients have been used successfully in many speech analysis

applications. They were used by Soltau et al. (1998) to classify music and by

Foote (1997) to distinguish speech from music. There may be redundancies

between those features and the ones used here, but perhaps some benefit

could be gained by using both.

Stereo Channel Differences

Some artists use stereo panning of instruments to a greater degree and more

often than others do. Informal observations2 indicate that it is correlated to

genre and recording date. This feature is more salient to a listener wearing

headphones, though it is usually not practical to know when this is the case.
2For the past eight months I’ve been watching realtime stereo spectrograms of the

music I listen to, plotted using a program I wrote, available at http://www.aigeek.com/

waterfall/.
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Fully separating sound sources is difficult, but even simple methods ap-

pear to be sufficient for this measurement. Preliminary tests indicate that

summing the difference in channels in each frequency bin might work well.

s =
N

∑

f=1

(

|ef (left)− ef (right)|
ef

log2 f
)

(4.1)

Band Separation

The crucial advance of the beat tracking system developed by Scheirer (1997)

was to separate the audio signal into several frequency bands and analyze

each one independently. Other features may also be more useful when mea-

sured over separate frequency bands.

Spectral Histogram

It would be easy to accumulate a histogram of log-energy in each frequency

band reported by the spectral decomposer. The shape of the histogram might

be useful in predicting some aspects of musical style.

If band separation is being done, the mean loudness of each band provides

the same type of information, but possibly at a lower resolution than is

desired. Also, the histogram is easy to implement and cheap to compute. It

may be more appropriate for resource-poor platforms or when development

time is scarce.

Distribution Analysis

Many short term features of music depend on whether a particular sound

source is active at that moment. In music where some sources are not con-

tinuously active, features affected by those sources have multimodal distri-

butions. Mean and variance are not capable of distinguishing between, for

example, an instrument with fluctuating loudness and one that is always loud
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when present, but is not always present.

Rhythm

A beat tracker could provide several good features for music classification.

The most obvious is tempo, but also useful would be the tracker’s certainly

of its estimation and the extent to which the music centers around the beat.

Wold et al. (1999) use a rhythm signature as a feature in their music

database. Copying this would be worthwhile. Gasser and Eck (1996) de-

scribe another way of extracting rhythm patterns using networks of oscilla-

tors. Their system also works, but is probably more difficult to implement.

4.5 Final Remarks

The system I implemented is fairly simple, but works well enough to be used

in a supporting role or when an educated guess is better than none. It is

not accurate enough to be used in important applications that control music

selection.

More accurate and robust systems will come from principled approaches

more firmly rooted in psychoacoustics and auditory scene analysis, but un-

til such systems are developed, simpler systems such as this one can be of

practical value.

The level of performance of this system can serve as a baseline for future

work, and the software is available to researchers and developers who wish

to perform further tests or build on it.
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Appendix A

Features

Forty-six features were extracted from each song. The features are enumer-

ated on the next page. Abbreviations are used in each, according to the

following key:

Abbreviation Meaning

std standard deviation

wmean loudness-weighted mean

wstd loudness-weighted standard deviation

diff first difference
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1. length

2. loudness scale factor

3. mean(mean(loudness))

4. std(mean(loudness))

5. mean(std(loudness))

6. std(std(loudness))

7. mean(mean(centroid))

8. std(mean(centroid))

9. mean(std(centroid))

10. std(std(centroid))

11. mean(mean(bandwidth))

12. std(mean(bandwidth))

13. mean(std(bandwidth))

14. std(std(bandwidth))

15. mean(mean(uniformity))

16. std(mean(uniformity))

17. mean(std(uniformity))

18. std(std(uniformity))

19. mean(wmean(centroid))

20. std(wmean(centroid))

21. mean(wstd(centroid))

22. std(wstd(centroid))

23. mean(wmean(bandwidth))

24. std(wmean(bandwidth))

25. mean(wstd(bandwidth))

26. std(wstd(bandwidth))

27. mean(wmean(uniformity))

28. std(wmean(uniformity))

29. mean(wstd(uniformity))

30. std(wstd(uniformity))

31. mean(mean(loudness diff))

32. std(mean(loudness diff))

33. mean(std(loudness diff))

34. std(std(loudness diff))

35. mean(mean(centroid diff))

36. std(mean(centroid diff))

37. mean(std(centroid diff))

38. std(std(centroid diff))

39. mean(mean(bandwidth diff))

40. std(mean(bandwidth diff))

41. mean(std(bandwidth diff))

42. std(std(bandwidth diff))

43. mean(mean(uniformity diff))

44. std(mean(uniformity diff))

45. mean(std(uniformity diff))

46. std(std(uniformity diff))
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Appendix B

Feature Extraction Code

This appendix contains the C code to extract features from audio files. It

depends on libsoundfile1 to read audio files and FFTW2 to perform Fourier

transforms, both of which are free software. The feature extraction code pre-

sented here is released under the GNU Public License3. You may redistribute

this code and derivative works according to the terms of that license. Copies

of this code may be found online at http://www.aigeek.com/aimsc/.

B.1 main.c
/*
main.c
Copyright 2000, Seth Golub <seth@aigeek.com>

This program is free software; you can redistribute it and/or modify
it under the terms of the GNU General Public License as published by
the Free Software Foundation; either version 2 of the License, or
(at your option) any later version.

This program is distributed in the hope that it will be useful, but
WITHOUT ANY WARRANTY; without even the implied warranty of
MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the GNU
General Public License for more details.

You should have received a copy of the GNU General Public License
along with this program; if not, write to the Free Software
Foundation, Inc., 59 Temple Place, Suite 330, Boston, MA 02111-1307,
USA.

*/

#include <stdio.h>
#include <stdlib.h>
#include <sndfile.h>
#include <rfftw.h>
#include <unistd.h>

1http://www.zip.com.au/ erikd/libsndfile/
2http://www.fftw.org/
3http://www.gnu.org/copyleft/gpl.html
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#include "workspace.h"
#include "long.h"
#include "error.h"

void usage( char *argv0 )
{
fprintf( stderr, "\nUsage: %s [options] file
Options:

-h Display this help
-v Verbose\n\n", argv0 );

exit( ERR_USAGE );
}

int main( int argc, char *argv[] )
{
SNDFILE *inputFile;
SF_INFO sfinfo;
workspace w;
l_stats lstats;
int optret;
int verbose = 0;

while ( (optret = getopt( argc, argv, "hv" )) != -1 )
{

switch ( optret )
{

case ’:’: /* missing parameter */
case ’?’: /* unknown option char */
case ’h’: /* help */

usage( argv[0] );
case ’v’: /* verbose */
verbose = 1;
break;

}
}

if ( (argc - optind) < 1 )
{

fprintf( stderr, "No input file specified.\n" );
usage( argv[0] );

}

inputFile = sf_open_read( argv[optind], &sfinfo );
if ( inputFile == NULL )
{
fprintf( stderr, "%s: Can’t open file: %s.\n", argv[0], argv[optind] );
exit( ERR_OPEN );

}

if ( sfinfo.channels != 1 && sfinfo.channels != 2 )
{

fprintf( stderr, "%s: Strange number of channels: %d.\n",
argv[0], sfinfo.channels );

exit( ERR_CHANNELS );
}

init_workspace( &w, inputFile, &sfinfo );

find_long_stats( &w, &lstats );

if ( verbose )
print_long_stats_verbose( &lstats );

else
print_long_stats( &lstats );

free_workspace( &w );
sf_close( inputFile );
return 0;

}
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B.2 short.h
/* short.h */
#ifndef SHORT_H
#define SHORT_H

#include <sndfile.h>
#include "workspace.h"

/************************************
* SWPS == Short Windows Per Second
*
* SWPS should be in the range [25,40] (as a perceptually reasonable
* compromise between time and frequency resolution; see Wold ’96)
*
* and (samplerate / SWPS) should yield a product of small primes
* (2,3,5,7) because that makes the FFT faster. Obviously, this
* depends on samplerate, but most samples use 44100Hz. 30 is a fine
* value for 22050Hz also, and is terrible for 11025 (25 and 35 are
* better for that).

*/
#define SWPS 30

void init_s_workspace( s_workspace *sw, SF_INFO *sfinfo );
void free_s_workspace( s_workspace *sw );
int find_short_stats( workspace *w, int *loudnessp, int *centroidp,

int *bandwidthp, int *uniformityp );

#endif
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B.3 short.c
/*
short.c
Copyright 2000, Seth Golub <seth@aigeek.com>

This program is free software; you can redistribute it and/or modify
it under the terms of the GNU General Public License as published by
the Free Software Foundation; either version 2 of the License, or
(at your option) any later version.

This program is distributed in the hope that it will be useful, but
WITHOUT ANY WARRANTY; without even the implied warranty of
MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the GNU
General Public License for more details.

You should have received a copy of the GNU General Public License
along with this program; if not, write to the Free Software
Foundation, Inc., 59 Temple Place, Suite 330, Boston, MA 02111-1307,
USA.

*/

#include <stdio.h>
#include <stdlib.h>
#include <sndfile.h>
#include <rfftw.h>
#include <math.h>
#include "short.h"
#include "array.h"
#include "error.h"

void init_s_workspace( s_workspace *sw, SF_INFO *sfinfo )
{

int i;
float log2 = log( 2 );

sw->N = sfinfo->samplerate / SWPS;

sw->signal_int = new_int_array( sw->N * sfinfo->channels );
sw->signal_real = new_real_array( sw->N );
sw->freq = new_real_array( sw->N );
sw->power = new_real_array( (sw->N/2 + 1) );
sw->logscale = new_real_array( (sw->N/2 + 1) );

sw->uniformity_scale = log( sw->power->size );
sw->logscale_sum = 0.0;
sw->inverse_logscale_sum = 0.0;
for ( i=0; i < sw->logscale->size; i++ )
{

sw->logscale->data[i] = log(i+2) / log2;
sw->logscale_sum += sw->logscale->data[i];
sw->inverse_logscale_sum += 1.0 / sw->logscale->data[i];

}

sw->plan = rfftw_create_plan( sw->N, FFTW_REAL_TO_COMPLEX, FFTW_ESTIMATE );

if ( !sw->plan )
{
fprintf( stderr, "Out of memory.\n" );
exit( ERR_MEM );

}
}

void free_s_workspace( s_workspace *sw )
{
free_int_array( sw->signal_int );
free_real_array( sw->signal_real );
free_real_array( sw->freq );
free_real_array( sw->power );
free_real_array( sw->logscale );
rfftw_destroy_plan( sw->plan );

}

/*
* Copies a 1-channel signal from an int array to a real array,
* or mixes a 2-channel stereo signal from int to real.
* signal_int contains <samples> * <channels> items
* signal_real must be at least <samples> items long.
*
* Assumes channels is 1 or 2. (This must be ensured elsewhere.)
*/

void mix_to_real( int_array signal_int, real_array signal_real,
int channels )
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{
int i;
if ( channels == 1 )

for ( i=0; i < signal_int->size; i++ )
signal_real->data[i] = signal_int->data[i];

else
for ( i=0; i < signal_real->size; i++ )

signal_real->data[i] = (signal_int->data[i*2]
+ signal_int->data[i*2+1]) / 2;

}

/* power spectrum code snippet from FFTW docs */
void find_power_spectrum( real_array freq, real_array power )
{

int i, N;
N = freq->size;
power->data[0] = freq->data[0]*freq->data[0]; /* DC component */
for (i = 1; i < (N+1)/2; ++i)
power->data[i] =(freq->data[i]*freq->data[i] + freq->data[N-i]*freq->data[N-i]);

if (N % 2 == 0)
power->data[N/2] = freq->data[N/2]*freq->data[N/2];

}

/*
centroid: power-weighted mean, expressed in the logscale * 1000.
bandwidth: power-weighted std deviation, also on the logscale * 1000.
uniformity: negative entropy of frequency, not on the logscale. range 0-1000.

*/
void find_freq_stats( s_workspace *sw, int *centroidp, int *bandwidthp, int *uniformityp )
{
int i;
double centroid;
double sum = 0.0, weighted_sum = 0.0;
double uniformity;
for ( i=0; i < sw->power->size; i++ )
{

sum += sw->power->data[i];
weighted_sum += sw->power->data[i] * sw->logscale->data[i];

}

centroid = weighted_sum / sum;

weighted_sum = 0.0;
uniformity = 0.0;
for ( i=0; i < sw->power->size; i++ )
{
if ( sw->power->data[i] > 0 )

uniformity += (sw->power->data[i] / sum) * log(sw->power->data[i] / sum);
weighted_sum += ( (centroid - sw->logscale->data[i])

* (centroid - sw->logscale->data[i])
* sw->power->data[i] );

}
*centroidp = (int) (1000.0 * centroid);
*bandwidthp = (int) (1000.0 * sqrt(weighted_sum / sum));
*uniformityp = (int) (-1000.0 * uniformity / sw->uniformity_scale);

}

/* Reads data from input file and calculates short window statistics.
* Returns nonzero iff a full window could be read. */
int find_short_stats( workspace *w, int *loudnessp, int *centroidp,

int *bandwidthp, int *uniformityp )
{
if ( sf_readf_int( w->inputFile, w->sw.signal_int->data, w->sw.N ) < w->sw.N )

return 0;

*loudnessp = mean_log2_abs( w->sw.signal_int );
if ( *loudnessp == 0 )
{
*centroidp = 0; /* These won’t matter, but we need to record something. */
*bandwidthp = 0;
*uniformityp = 0;

}
else
{

mix_to_real( w->sw.signal_int, w->sw.signal_real, w->sfinfo->channels );
rfftw_one( w->sw.plan, w->sw.signal_real->data, w->sw.freq->data );
find_power_spectrum( w->sw.freq, w->sw.power );
find_freq_stats( &(w->sw), centroidp, bandwidthp, uniformityp );

}
return 1;

}
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B.4 workspace.h
#ifndef WORKSPACE_H
#define WORKSPACE_H
#include <sndfile.h>
#include "array.h"

/* The s_workspace is to hold arrays for the short window analysis.
* This way we can put the short window routines in a separate
* function without having to allocate new space each time and without
* depending on the sample size not changing. The sample size is
* constant for a given sample rate (e.g. 44100Hz), but it would be
* nice to be able to run this program on multiple files.

*/
typedef struct
{
int N;
int_array signal_int;
real_array signal_real;
real_array freq;
real_array power;
real_array logscale;
double logscale_sum, inverse_logscale_sum;
double uniformity_scale; /* == log( power->size ), cached here */
rfftw_plan plan;

} s_workspace;

/* medium window workspace */
typedef struct
{
int_array loudness;
int_array centroid;
int_array bandwidth;
int_array uniformity;
int_array loudness_diff;
int_array centroid_diff;
int_array bandwidth_diff;
int_array uniformity_diff;

} m_workspace;

/* long window (entire file) workspace */
typedef struct
{

float_array loudness_mean;
float_array loudness_std;

float_array centroid_mean;
float_array centroid_std;
float_array bandwidth_mean;
float_array bandwidth_std;
float_array uniformity_mean;
float_array uniformity_std;

float_array centroid_wmean;
float_array centroid_wstd;
float_array bandwidth_wmean;
float_array bandwidth_wstd;
float_array uniformity_wmean;
float_array uniformity_wstd;

float_array loudness_diff_mean;
float_array loudness_diff_std;
float_array centroid_diff_mean;
float_array centroid_diff_std;
float_array bandwidth_diff_mean;
float_array bandwidth_diff_std;
float_array uniformity_diff_mean;
float_array uniformity_diff_std;

} l_workspace;

typedef struct
{
SF_INFO *sfinfo;
SNDFILE *inputFile;
s_workspace sw;
m_workspace mw;
l_workspace lw;

} workspace;

void init_workspace( workspace *w, SNDFILE *inputFile, SF_INFO *sfinfo );
void free_workspace( workspace *w );

#endif
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B.5 workspace.c
/*
workspace.c
Copyright 2000, Seth Golub <seth@aigeek.com>

This program is free software; you can redistribute it and/or modify
it under the terms of the GNU General Public License as published by
the Free Software Foundation; either version 2 of the License, or
(at your option) any later version.

This program is distributed in the hope that it will be useful, but
WITHOUT ANY WARRANTY; without even the implied warranty of
MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the GNU
General Public License for more details.

You should have received a copy of the GNU General Public License
along with this program; if not, write to the Free Software
Foundation, Inc., 59 Temple Place, Suite 330, Boston, MA 02111-1307,
USA.

*/

#include <sndfile.h>
#include "array.h"
#include "short.h"
#include "medium.h"
#include "long.h"

void init_workspace( workspace *w, SNDFILE *inputFile, SF_INFO *sfinfo )
{

w->inputFile = inputFile;
w->sfinfo = sfinfo;
init_s_workspace( &(w->sw), sfinfo );
init_m_workspace( &(w->mw) );
init_l_workspace( &(w->lw), sfinfo );

}

void free_workspace( workspace *w )
{
free_s_workspace( &(w->sw) );
free_m_workspace( &(w->mw) );
free_l_workspace( &(w->lw) );

}
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B.6 long.h
/* long.h */
#ifndef LONG_H
#define LONG_H

#include <sndfile.h>
#include "workspace.h"

typedef struct
{
int loudness_mean_mean, loudness_mean_std;
int loudness_std_mean, loudness_std_std;

int centroid_mean_mean, centroid_mean_std;
int centroid_std_mean, centroid_std_std;
int bandwidth_mean_mean, bandwidth_mean_std;
int bandwidth_std_mean, bandwidth_std_std;
int uniformity_mean_mean, uniformity_mean_std;
int uniformity_std_mean, uniformity_std_std;

int centroid_wmean_mean, centroid_wmean_std;
int centroid_wstd_mean, centroid_wstd_std;
int bandwidth_wmean_mean, bandwidth_wmean_std;
int bandwidth_wstd_mean, bandwidth_wstd_std;
int uniformity_wmean_mean, uniformity_wmean_std;
int uniformity_wstd_mean, uniformity_wstd_std;

int loudness_diff_mean_mean, loudness_diff_mean_std;
int loudness_diff_std_mean, loudness_diff_std_std;
int centroid_diff_mean_mean, centroid_diff_mean_std;
int centroid_diff_std_mean, centroid_diff_std_std;
int bandwidth_diff_mean_mean, bandwidth_diff_mean_std;
int bandwidth_diff_std_mean, bandwidth_diff_std_std;
int uniformity_diff_mean_mean, uniformity_diff_mean_std;
int uniformity_diff_std_mean, uniformity_diff_std_std;
float loudness_scale_factor;
int length;

} l_stats;

void init_l_workspace( l_workspace *lw, SF_INFO *sfinfo );
void free_l_workspace( l_workspace *lw );
void find_long_stats( workspace *w, l_stats *lstat );
void print_long_stats( l_stats *lstat );
void print_long_stats_verbose( l_stats *lstat );

#endif
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B.7 long.c
/*
long.c
Copyright 2000, Seth Golub <seth@aigeek.com>

This program is free software; you can redistribute it and/or modify
it under the terms of the GNU General Public License as published by
the Free Software Foundation; either version 2 of the License, or
(at your option) any later version.

This program is distributed in the hope that it will be useful, but
WITHOUT ANY WARRANTY; without even the implied warranty of
MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the GNU
General Public License for more details.

You should have received a copy of the GNU General Public License
along with this program; if not, write to the Free Software
Foundation, Inc., 59 Temple Place, Suite 330, Boston, MA 02111-1307,
USA.

*/

#include <math.h>
#include "short.h"
#include "medium.h"
#include "long.h"

void collect_medium_stats( workspace *w )
{
int i;
m_stats mstats;

for ( i=0; find_medium_stats( w, &mstats ); i++ )
{

w->lw.loudness_mean->data[i] = mstats.loudness_mean;
w->lw.loudness_std->data[i] = mstats.loudness_std;

w->lw.centroid_mean->data[i] = mstats.centroid_mean;
w->lw.centroid_std->data[i] = mstats.centroid_std;
w->lw.bandwidth_mean->data[i] = mstats.bandwidth_mean;
w->lw.bandwidth_std->data[i] = mstats.bandwidth_std;
w->lw.uniformity_mean->data[i] = mstats.uniformity_mean;
w->lw.uniformity_std->data[i] = mstats.uniformity_std;

w->lw.centroid_wmean->data[i] = mstats.centroid_wmean;
w->lw.centroid_wstd->data[i] = mstats.centroid_wstd;
w->lw.bandwidth_wmean->data[i] = mstats.bandwidth_wmean;
w->lw.bandwidth_wstd->data[i] = mstats.bandwidth_wstd;
w->lw.uniformity_wmean->data[i] = mstats.uniformity_wmean;
w->lw.uniformity_wstd->data[i] = mstats.uniformity_wstd;

w->lw.loudness_diff_mean->data[i] = mstats.loudness_diff_mean;
w->lw.loudness_diff_std->data[i] = mstats.loudness_diff_std;
w->lw.centroid_diff_mean->data[i] = mstats.centroid_diff_mean;
w->lw.centroid_diff_std->data[i] = mstats.centroid_diff_std;
w->lw.bandwidth_diff_mean->data[i] = mstats.bandwidth_diff_mean;
w->lw.bandwidth_diff_std->data[i] = mstats.bandwidth_diff_std;
w->lw.uniformity_diff_mean->data[i] = mstats.uniformity_diff_mean;
w->lw.uniformity_diff_std->data[i] = mstats.uniformity_diff_std;

}
}

float loudness_scale_factor( workspace *w )
{
float max=0.0;
int i;
float frame_max;
for ( i=0; i < w->lw.loudness_mean->size; i++ )
{
frame_max = w->lw.loudness_mean->data[i] + w->lw.loudness_std->data[i];
if ( frame_max > max )

max = frame_max;
}

return max / 1000.0;
}

void find_long_stats( workspace *w, l_stats *lstat )
{
collect_medium_stats( w );

lstat->length = (w->sfinfo->samples / w->sfinfo->samplerate);
lstat->loudness_scale_factor = loudness_scale_factor( w );
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if ( lstat->loudness_scale_factor < 0.001 ) /* Silent sample? */
{

/* This introduces a discontinuity in the scaled features, but
they’re all garbage at this loudness level anyway. */

lstat->loudness_scale_factor = 1.0; /* We don’t want errors, nor do we
want to scale up tiny noise. */

}

lstat->loudness_mean_mean = meanf( w->lw.loudness_mean ) / lstat->loudness_scale_factor;
lstat->loudness_mean_std = stdf( w->lw.loudness_mean, lstat->loudness_mean_mean ) / lstat->loudness_scale_factor;
lstat->loudness_std_mean = meanf( w->lw.loudness_std ) / lstat->loudness_scale_factor;
lstat->loudness_std_std = stdf( w->lw.loudness_std, lstat->loudness_std_mean ) / lstat->loudness_scale_factor;

lstat->centroid_mean_mean = meanf( w->lw.centroid_mean );
lstat->centroid_mean_std = stdf( w->lw.centroid_mean, lstat->centroid_mean_mean );
lstat->centroid_std_mean = meanf( w->lw.centroid_std );
lstat->centroid_std_std = stdf( w->lw.centroid_std, lstat->centroid_std_mean );

lstat->bandwidth_mean_mean = meanf( w->lw.bandwidth_mean );
lstat->bandwidth_mean_std = stdf( w->lw.bandwidth_mean, lstat->bandwidth_mean_mean );
lstat->bandwidth_std_mean = meanf( w->lw.bandwidth_std );
lstat->bandwidth_std_std = stdf( w->lw.bandwidth_std, lstat->bandwidth_std_mean );

lstat->uniformity_mean_mean = meanf( w->lw.uniformity_mean );
lstat->uniformity_mean_std = stdf( w->lw.uniformity_mean, lstat->uniformity_mean_mean );
lstat->uniformity_std_mean = meanf( w->lw.uniformity_std );
lstat->uniformity_std_std = stdf( w->lw.uniformity_std, lstat->uniformity_std_mean );

lstat->centroid_wmean_mean = meanf( w->lw.centroid_wmean );
lstat->centroid_wmean_std = stdf( w->lw.centroid_wmean, lstat->centroid_wmean_mean );
lstat->centroid_wstd_mean = meanf( w->lw.centroid_wstd );
lstat->centroid_wstd_std = stdf( w->lw.centroid_wstd, lstat->centroid_wstd_mean );

lstat->bandwidth_wmean_mean = meanf( w->lw.bandwidth_wmean );
lstat->bandwidth_wmean_std = stdf( w->lw.bandwidth_wmean, lstat->bandwidth_wmean_mean );
lstat->bandwidth_wstd_mean = meanf( w->lw.bandwidth_wstd );
lstat->bandwidth_wstd_std = stdf( w->lw.bandwidth_wstd, lstat->bandwidth_wstd_mean );

lstat->uniformity_wmean_mean = meanf( w->lw.uniformity_wmean );
lstat->uniformity_wmean_std = stdf( w->lw.uniformity_wmean, lstat->uniformity_wmean_mean );
lstat->uniformity_wstd_mean = meanf( w->lw.uniformity_wstd );
lstat->uniformity_wstd_std = stdf( w->lw.uniformity_wstd, lstat->uniformity_wstd_mean );

lstat->loudness_diff_mean_mean = meanf( w->lw.loudness_diff_mean )
/ lstat->loudness_scale_factor;

lstat->loudness_diff_mean_std = stdf( w->lw.loudness_diff_mean, lstat->loudness_diff_mean_mean )
/ lstat->loudness_scale_factor;

lstat->loudness_diff_std_mean = meanf( w->lw.loudness_diff_std ) / lstat->loudness_scale_factor;
lstat->loudness_diff_std_std = stdf( w->lw.loudness_diff_std, lstat->loudness_diff_std_mean )

/ lstat->loudness_scale_factor;

lstat->centroid_diff_mean_mean = meanf( w->lw.centroid_diff_mean );
lstat->centroid_diff_mean_std = stdf( w->lw.centroid_diff_mean, lstat->centroid_diff_mean_mean );
lstat->centroid_diff_std_mean = meanf( w->lw.centroid_diff_std );
lstat->centroid_diff_std_std = stdf( w->lw.centroid_diff_std, lstat->centroid_diff_std_mean );

lstat->bandwidth_diff_mean_mean = meanf( w->lw.bandwidth_diff_mean );
lstat->bandwidth_diff_mean_std = stdf( w->lw.bandwidth_diff_mean, lstat->bandwidth_diff_mean_mean );
lstat->bandwidth_diff_std_mean = meanf( w->lw.bandwidth_diff_std );
lstat->bandwidth_diff_std_std = stdf( w->lw.bandwidth_diff_std, lstat->bandwidth_diff_std_mean );

lstat->uniformity_diff_mean_mean = meanf( w->lw.uniformity_diff_mean );
lstat->uniformity_diff_mean_std = stdf( w->lw.uniformity_diff_mean, lstat->uniformity_diff_mean_mean );
lstat->uniformity_diff_std_mean = meanf( w->lw.uniformity_diff_std );
lstat->uniformity_diff_std_std = stdf( w->lw.uniformity_diff_std, lstat->uniformity_diff_std_mean );

}

/*
* The m_workspace is to hold arrays for the medium window analysis.
*/

void init_l_workspace( l_workspace *lw, SF_INFO *sfinfo )
{
int N = sfinfo->samples / (sfinfo->samplerate / SWPS) / SWPMW;
lw->loudness_mean = new_float_array( N );
lw->loudness_std = new_float_array( N );

lw->centroid_mean = new_float_array( N );
lw->centroid_std = new_float_array( N );
lw->bandwidth_mean = new_float_array( N );
lw->bandwidth_std = new_float_array( N );
lw->uniformity_mean = new_float_array( N );
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lw->uniformity_std = new_float_array( N );

lw->centroid_wmean = new_float_array( N );
lw->centroid_wstd = new_float_array( N );
lw->bandwidth_wmean = new_float_array( N );
lw->bandwidth_wstd = new_float_array( N );
lw->uniformity_wmean = new_float_array( N );
lw->uniformity_wstd = new_float_array( N );

lw->loudness_diff_mean = new_float_array( N );
lw->loudness_diff_std = new_float_array( N );
lw->centroid_diff_mean = new_float_array( N );
lw->centroid_diff_std = new_float_array( N );
lw->bandwidth_diff_mean = new_float_array( N );
lw->bandwidth_diff_std = new_float_array( N );
lw->uniformity_diff_mean = new_float_array( N );
lw->uniformity_diff_std = new_float_array( N );

}

void free_l_workspace( l_workspace *lw )
{
free_float_array( lw->loudness_mean );
free_float_array( lw->loudness_std );

free_float_array( lw->centroid_mean );
free_float_array( lw->centroid_std );
free_float_array( lw->bandwidth_mean );
free_float_array( lw->bandwidth_std );
free_float_array( lw->uniformity_mean );
free_float_array( lw->uniformity_std );

free_float_array( lw->centroid_wmean );
free_float_array( lw->centroid_wstd );
free_float_array( lw->bandwidth_wmean );
free_float_array( lw->bandwidth_wstd );
free_float_array( lw->uniformity_wmean );
free_float_array( lw->uniformity_wstd );

free_float_array( lw->loudness_diff_mean );
free_float_array( lw->loudness_diff_std );
free_float_array( lw->centroid_diff_mean );
free_float_array( lw->centroid_diff_std );
free_float_array( lw->bandwidth_diff_mean );
free_float_array( lw->bandwidth_diff_std );
free_float_array( lw->uniformity_diff_mean );
free_float_array( lw->uniformity_diff_std );

}

/* Need to make shorter lines to print dissertation */
#define CONCAT(a,b) a##b

void print_long_stats( l_stats *lstat )
{

printf( CONCAT("%d %f %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d",
" %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d %d\n"),

lstat->length, lstat->loudness_scale_factor,

lstat->loudness_mean_mean, lstat->loudness_mean_std,
lstat->loudness_std_mean, lstat->loudness_std_std,

lstat->centroid_mean_mean, lstat->centroid_mean_std,
lstat->centroid_std_mean, lstat->centroid_std_std,
lstat->bandwidth_mean_mean, lstat->bandwidth_mean_std,
lstat->bandwidth_std_mean, lstat->bandwidth_std_std,
lstat->uniformity_mean_mean, lstat->uniformity_mean_std,
lstat->uniformity_std_mean, lstat->uniformity_std_std,

lstat->centroid_wmean_mean, lstat->centroid_wmean_std,
lstat->centroid_wstd_mean, lstat->centroid_wstd_std,
lstat->bandwidth_wmean_mean, lstat->bandwidth_wmean_std,
lstat->bandwidth_wstd_mean, lstat->bandwidth_wstd_std,
lstat->uniformity_wmean_mean, lstat->uniformity_wmean_std,
lstat->uniformity_wstd_mean, lstat->uniformity_wstd_std,

lstat->loudness_diff_mean_mean, lstat->loudness_diff_mean_std,
lstat->loudness_diff_std_mean, lstat->loudness_diff_std_std,
lstat->centroid_diff_mean_mean, lstat->centroid_diff_mean_std,
lstat->centroid_diff_std_mean, lstat->centroid_diff_std_std,
lstat->bandwidth_diff_mean_mean, lstat->bandwidth_diff_mean_std,
lstat->bandwidth_diff_std_mean, lstat->bandwidth_diff_std_std,
lstat->uniformity_diff_mean_mean, lstat->uniformity_diff_mean_std,
lstat->uniformity_diff_std_mean, lstat->uniformity_diff_std_std );

}
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void print_long_stats_verbose( l_stats *lstat )
{
printf( " length: %d
loudness_scale_factor: %f
loudness_mean_mean: %d
loudness_mean_std: %d
loudness_std_mean: %d
loudness_std_std: %d
centroid_mean_mean: %d
centroid_mean_std: %d
centroid_std_mean: %d
centroid_std_std: %d
bandwidth_mean_mean: %d
bandwidth_mean_std: %d
bandwidth_std_mean: %d
bandwidth_std_std: %d
uniformity_mean_mean: %d
uniformity_mean_std: %d
uniformity_std_mean: %d
uniformity_std_std: %d
centroid_wmean_mean: %d
centroid_wmean_std: %d
centroid_wstd_mean: %d
centroid_wstd_std: %d
bandwidth_wmean_mean: %d
bandwidth_wmean_std: %d
bandwidth_wstd_mean: %d
bandwidth_wstd_std: %d
uniformity_wmean_mean: %d
uniformity_wmean_std: %d
uniformity_wstd_mean: %d
uniformity_wstd_std: %d
loudness_diff_mean_mean: %d
loudness_diff_mean_std: %d
loudness_diff_std_mean: %d
loudness_diff_std_std: %d
centroid_diff_mean_mean: %d
centroid_diff_mean_std: %d
centroid_diff_std_mean: %d
centroid_diff_std_std: %d
bandwidth_diff_mean_mean: %d
bandwidth_diff_mean_std: %d
bandwidth_diff_std_mean: %d
bandwidth_diff_std_std: %d
uniformity_diff_mean_mean: %d
uniformity_diff_mean_std: %d
uniformity_diff_std_mean: %d
uniformity_diff_std_std: %d\n",

lstat->length, lstat->loudness_scale_factor,

lstat->loudness_mean_mean, lstat->loudness_mean_std,
lstat->loudness_std_mean, lstat->loudness_std_std,

lstat->centroid_mean_mean, lstat->centroid_mean_std,
lstat->centroid_std_mean, lstat->centroid_std_std,
lstat->bandwidth_mean_mean, lstat->bandwidth_mean_std,
lstat->bandwidth_std_mean, lstat->bandwidth_std_std,
lstat->uniformity_mean_mean, lstat->uniformity_mean_std,
lstat->uniformity_std_mean, lstat->uniformity_std_std,

lstat->centroid_wmean_mean, lstat->centroid_wmean_std,
lstat->centroid_wstd_mean, lstat->centroid_wstd_std,
lstat->bandwidth_wmean_mean, lstat->bandwidth_wmean_std,
lstat->bandwidth_wstd_mean, lstat->bandwidth_wstd_std,
lstat->uniformity_wmean_mean, lstat->uniformity_wmean_std,
lstat->uniformity_wstd_mean, lstat->uniformity_wstd_std,

lstat->loudness_diff_mean_mean, lstat->loudness_diff_mean_std,
lstat->loudness_diff_std_mean, lstat->loudness_diff_std_std,
lstat->centroid_diff_mean_mean, lstat->centroid_diff_mean_std,
lstat->centroid_diff_std_mean, lstat->centroid_diff_std_std,
lstat->bandwidth_diff_mean_mean, lstat->bandwidth_diff_mean_std,
lstat->bandwidth_diff_std_mean, lstat->bandwidth_diff_std_std,
lstat->uniformity_diff_mean_mean, lstat->uniformity_diff_mean_std,
lstat->uniformity_diff_std_mean, lstat->uniformity_diff_std_std );

}
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B.8 medium.h
/* medium.h */
#ifndef MEDIUM_H
#define MEDIUM_H

#include "workspace.h"

/************************************
* SWPMS == Short Windows Per Medium Window
*
* Measurements are analyzed in medium-length window segments,
* such as 4 seconds (120 short windows).
*/

#define SWPMW 120

typedef struct
{
float loudness_mean;
float loudness_std;

float centroid_mean;
float centroid_std;
float bandwidth_mean;
float bandwidth_std;
float uniformity_mean;
float uniformity_std;

float centroid_wmean;
float centroid_wstd;
float bandwidth_wmean;
float bandwidth_wstd;
float uniformity_wmean;
float uniformity_wstd;

float loudness_diff_mean;
float loudness_diff_std;
float centroid_diff_mean;
float centroid_diff_std;
float bandwidth_diff_mean;
float bandwidth_diff_std;
float uniformity_diff_mean;
float uniformity_diff_std;

} m_stats;

void init_m_workspace( m_workspace *mw );
void free_m_workspace( m_workspace *mw );
int find_medium_stats( workspace *w, m_stats *mstat );

#endif
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B.9 medium.c
/*
medium.c
Copyright 2000, Seth Golub <seth@aigeek.com>

This program is free software; you can redistribute it and/or modify
it under the terms of the GNU General Public License as published by
the Free Software Foundation; either version 2 of the License, or
(at your option) any later version.

This program is distributed in the hope that it will be useful, but
WITHOUT ANY WARRANTY; without even the implied warranty of
MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the GNU
General Public License for more details.

You should have received a copy of the GNU General Public License
along with this program; if not, write to the Free Software
Foundation, Inc., 59 Temple Place, Suite 330, Boston, MA 02111-1307,
USA.

*/

#include <math.h>
#include "short.h"
#include "medium.h"

/*
* Reads data from input file and calculates medium window statistics.
* Returns nonzero iff a full window could be read.
*/

int collect_short_stats( workspace *w )
{
int i, centroid, bandwidth, loudness, uniformity;

for ( i=0; (i < SWPMW) && find_short_stats( w, &loudness, &centroid, &bandwidth, &uniformity ); i++ )
{
w->mw.loudness->data[i] = loudness;
w->mw.centroid->data[i] = centroid;
w->mw.bandwidth->data[i] = bandwidth;
w->mw.uniformity->data[i] = uniformity;
if ( i != 0 )

{
w->mw.loudness_diff->data[i-1] = loudness - w->mw.loudness_diff->data[i-2];
w->mw.centroid_diff->data[i-1] = centroid - w->mw.centroid_diff->data[i-2];
w->mw.bandwidth_diff->data[i-1] = bandwidth - w->mw.bandwidth_diff->data[i-2];
w->mw.uniformity_diff->data[i-1] = uniformity - w->mw.uniformity_diff->data[i-2];

}
}

return (i == SWPMW);
}

int find_medium_stats( workspace *w, m_stats *mstat )
{
long weightsum;
if ( !collect_short_stats( w ) )

return 0;

mstat->loudness_mean = mean( w->mw.loudness );
mstat->loudness_std = std( w->mw.loudness, mstat->loudness_mean );
mstat->centroid_mean = mean( w->mw.centroid );
mstat->centroid_std = std( w->mw.centroid, mstat->centroid_mean );
mstat->bandwidth_mean = mean( w->mw.bandwidth );
mstat->bandwidth_std = std( w->mw.bandwidth, mstat->bandwidth_mean );
mstat->uniformity_mean = mean( w->mw.uniformity );
mstat->uniformity_std = std( w->mw.uniformity, mstat->uniformity_mean );
mstat->loudness_diff_mean = mean( w->mw.loudness_diff );
mstat->loudness_diff_std = std( w->mw.loudness_diff, mstat->loudness_diff_mean );
mstat->centroid_diff_mean = mean( w->mw.centroid_diff );
mstat->centroid_diff_std = std( w->mw.centroid_diff, mstat->centroid_diff_mean );
mstat->bandwidth_diff_mean = mean( w->mw.bandwidth_diff );
mstat->bandwidth_diff_std = std( w->mw.bandwidth_diff, mstat->bandwidth_diff_mean );
mstat->uniformity_diff_mean = mean( w->mw.uniformity_diff );
mstat->uniformity_diff_std = std( w->mw.uniformity_diff, mstat->uniformity_diff_mean );

weightsum = sum( w->mw.loudness );
if ( weightsum == 0 )
{
mstat->centroid_wmean = 0.0;
mstat->centroid_wstd = 0.0;
mstat->bandwidth_wmean = 0.0;
mstat->bandwidth_wstd = 0.0;
mstat->uniformity_wmean = 0.0;
mstat->uniformity_wstd = 0.0;

}
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else
{

mstat->centroid_wmean = wmean( w->mw.centroid, w->mw.loudness, weightsum );
mstat->centroid_wstd = wstd( w->mw.centroid, mstat->centroid_wmean, w->mw.loudness, weightsum );
mstat->bandwidth_wmean = wmean( w->mw.bandwidth, w->mw.loudness, weightsum );
mstat->bandwidth_wstd = wstd( w->mw.bandwidth, mstat->bandwidth_wmean, w->mw.loudness, weightsum );
mstat->uniformity_wmean = wmean( w->mw.uniformity, w->mw.loudness, weightsum );
mstat->uniformity_wstd = wstd( w->mw.uniformity, mstat->uniformity_wmean, w->mw.loudness, weightsum );

}
return 1;

}

/*
* The m_workspace is to hold arrays for the medium window analysis.
*/
void init_m_workspace( m_workspace *mw )
{

mw->loudness = new_int_array( SWPMW );
mw->centroid = new_int_array( SWPMW );
mw->bandwidth = new_int_array( SWPMW );
mw->uniformity = new_int_array( SWPMW );
mw->loudness_diff = new_int_array( SWPMW - 1 );
mw->centroid_diff = new_int_array( SWPMW - 1 );
mw->bandwidth_diff = new_int_array( SWPMW - 1 );
mw->uniformity_diff = new_int_array( SWPMW - 1 );

}

void free_m_workspace( m_workspace *mw )
{

free_int_array( mw->loudness );
free_int_array( mw->centroid );
free_int_array( mw->bandwidth );
free_int_array( mw->uniformity );
free_int_array( mw->loudness_diff );
free_int_array( mw->centroid_diff );
free_int_array( mw->bandwidth_diff );
free_int_array( mw->uniformity_diff );

}
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B.10 array.h
/* array.h */
#ifndef ARRAY_H
#define ARRAY_H
#include <rfftw.h>

typedef struct real_array_struct
{
fftw_real *data;
int size;

} *real_array;

typedef struct int_array_struct
{
int *data;
int size;

} *int_array;

typedef struct float_array_struct
{
float *data;
int size;

} *float_array;

int_array new_int_array( int size );
real_array new_real_array( int size );
float_array new_float_array( int size );

void free_int_array( int_array arr );
void free_real_array( real_array arr );
void free_float_array( float_array arr );

long sum( int_array array );
int mean_log2_abs( int_array array );
float mean( int_array arr );
float std( int_array arr, float mean );
float wmean( int_array arr, int_array weights, long weightsum );
float wstd( int_array arr, float mean, int_array weights, long weightsum );
float meanf( float_array arr );
float stdf( float_array arr, float mean );
float stdr( real_array arr, fftw_real mean );

#endif
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B.11 array.c
/*
array.c
Copyright 2000, Seth Golub <seth@aigeek.com>

This program is free software; you can redistribute it and/or modify
it under the terms of the GNU General Public License as published by
the Free Software Foundation; either version 2 of the License, or
(at your option) any later version.

This program is distributed in the hope that it will be useful, but
WITHOUT ANY WARRANTY; without even the implied warranty of
MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the GNU
General Public License for more details.

You should have received a copy of the GNU General Public License
along with this program; if not, write to the Free Software
Foundation, Inc., 59 Temple Place, Suite 330, Boston, MA 02111-1307,
USA.

*/

#include <math.h>
#include "array.h"
#include "error.h"

void massert( void *x )
{

if ( x == NULL )
{
fprintf( stderr, "Out of memory.\n" );
exit( ERR_MEM );

}
}

int_array new_int_array( int size )
{

int_array arr = (int_array) malloc( sizeof(struct int_array_struct) );
massert( arr );
arr->size = size;
arr->data = (int *) malloc( sizeof(int) * size );
massert( arr->data );
return arr;

}

real_array new_real_array( int size )
{
real_array arr = (real_array) malloc( sizeof(struct real_array_struct) );
massert( arr );
arr->size = size;
arr->data = (fftw_real *) malloc( sizeof(fftw_real) * size );
massert( arr->data );
return arr;

}

float_array new_float_array( int size )
{
float_array arr = (float_array) malloc( sizeof(struct float_array_struct) );
massert( arr );
arr->size = size;
arr->data = (float *) malloc( sizeof(float) * size );
massert( arr->data );
return arr;

}

void free_int_array( int_array arr )
{
free( arr->data );
free( arr );

}

void free_real_array( real_array arr )
{

free( arr->data );
free( arr );

}

void free_float_array( float_array arr )
{
free( arr->data );
free( arr );

}
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/* Finds 100 * mean of log2 of absolute values of array elements
* Useful for finding the mean loudness of the (rectified) signal
*/
int mean_log2_abs( int_array array )
{

static double log2 = 0;
int i, sum = 0;
if ( log2 == 0 )
log2 = log(2); /* Only want to compute this once. */

for ( i=0; i < array->size; i++ )
{
if ( array->data[i] >= 0 )
sum += array->data[i];

else
sum -= array->data[i];

}
return 100.0 * log(1 + (double) sum / array->size) / log2;

}

float mean( int_array arr )
{

int i;
double sum = 0.0;
for ( i=0; i < arr->size; i++ )
{
sum += arr->data[i];

}
return sum / arr->size;

}

float std( int_array arr, float mean )
{
double sumsq = 0.0;
int i;
for ( i=0; i < arr->size; i++ )
{
sumsq += (arr->data[i] - mean) * (arr->data[i] - mean);

}
return sqrt( sumsq / (arr->size - 1) );

}

long sum( int_array array )
{
int i;
long sum = 0L;
for ( i=0; i < array->size; i++ )
{

sum += array->data[i];
}

return sum;
}

/* weighted mean */
float wmean( int_array arr, int_array weights, long weightsum )
{

int i;
double sum = 0.0;
for ( i=0; i < arr->size; i++ )

{
sum += ((double) arr->data[i]) * weights->data[i];

}
return sum / weightsum;

}

/* weighted std */
float wstd( int_array arr, float mean, int_array weights, long weightsum )
{
double sumsq = 0.0;
int i;
for ( i=0; i < arr->size; i++ )

{
sumsq += ((double) (arr->data[i] - mean)) * (arr->data[i] - mean)

* weights->data[i];
}

return sqrt( sumsq / weightsum );
}

float meanf( float_array arr )
{
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int i;
double sum = 0.0;
for ( i=0; i < arr->size; i++ )
{
sum += arr->data[i];

}
return (float) (sum / arr->size);

}

float stdf( float_array arr, float mean )
{
double sumsq = 0.0;
int i;
for ( i=0; i < arr->size; i++ )
{
sumsq += (arr->data[i] - mean) * (arr->data[i] - mean);

}
return (float) sqrt( sumsq / (arr->size - 1) );

}

float stdr( real_array arr, fftw_real mean )
{
double sumsq = 0.0;
int i;
for ( i=0; i < arr->size; i++ )

{
sumsq += (arr->data[i] - mean) * (arr->data[i] - mean);

}
return (float) sqrt( sumsq / (arr->size - 1) );

}
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B.12 error.h
/* error.h */
#ifndef ERROR_H
#define ERROR_H

#define ERR_USAGE 1
#define ERR_OPEN 2
#define ERR_CHANNELS 3
#define ERR_MEM 4

#endif
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Appendix C

Data

Features were extracted from 1714 songs, totalling over 118 hours of music.

The songs are listed starting on the next page, along with codes to indicate

which data set the song was assigned to for each of the three classification

tasks.
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ó

D
ow

n
B

y
T

h
e

R
iv

er
si

d
e

A
p

tr
S
o
V
o
S
ó
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ó

F
ir

st
W

o
rd

s
A

p
ts

S
o
V
o
S
ó

S
o
V
o
S
ó
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ó

S
h
ow

T
h
em

D
a
n
ce

A
p

ts
S
o
V
o
S
ó
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ó

T
ru

th
&

O
th

er
S
to

ri
es

G
if
t

o
f
M

u
si

c
A

p
ts

S
o
V
o
S
ó
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ën

T
re

o
A

n
o
is

-
C

e
tr

A
n
a
m

A
n
a
m

D
ow

n
th

e
H

il
l

C
e

tr
A

n
a
m

A
n
a
m

H
ó
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ën
d
ez

E
l
R

ey
d
el

T
im

b
a
l

G
u
a
g
u
a
n
có
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