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ABSTRACT piece or of parts of it. The problem is that of estimating

the mean characteristic of the music piece, which will
The paper presents a recently introduced method for thebest contribute to the construction of the summary. In a
generation of Music Thumbnails [1], an active field of re- |arge number of pieces, according to genre, measure is an
search [4, 5, 6, 7, 8]. The method aims to the construction appropriate time scale at which pieces can be classified.
of short music pieces, listening to which one can acquire In our point of view the average measure is evolving
partial knowledge or, at least, perceive the general flavorin time since it corresponds to a local average over a
of the music content of the whole piece. Therefore, the in- large scale, the size of which depends on the maximum
troduced method should have its relevance from a psycho-scale level introduced in the method. Moreover, all local
acoustical view-point, giving the opportunity of listening variations with respect to the average measure can be
to a brief summary of the piece itself or of one of its parts. taken into account in the form of fluctuations at several
This will allow for enhanced navigation in large databases scales with respect to the average measure (details). In
of music, where the thumbnail will give the flavor of the the paradigm of an augmented recorder, our thumbnails
basic timbre features of the piece: only if it is of his/her could provide a summary of longer sound segments to
interest the listener will proceed to acquire further acous- pe skipped or to be listened to. Furthermore, the details
tical details in order to confirm its choice. For this pur- provide refinements available from larger to finer scale.
pose, the method will be able to extract from a long piece This feature, built-in in the employed representation, is
of music common features that will be “condensed” in a attractive in progressive download of musical pieces:
shorter extract. Our method is synchronous with the ba-from the thumbnail to the whole picture. Examples of
sic phrase timing of the piece and it is therefore referred the technique and of the produced sounds are at the url:
to as theEvent Synchronous ThumbnailiggST). Addi- http://www.na.infn.it/mfa/acust/thumbn
tionally, the method can be used as a means to navigate irails
large acoustical databases using thumbnailing for the pur-
pose of collecting musical pieces having similar timbre 2 PITCH SYNCHRONOUS WAVELET
flavors. The EST is therefore acting as a timbre signature TRANSEORM
to be searched for in the database.

The method takes its origin from a special type of wavelet
1. INTRODUCTION transform previously introduced by one of the authors,
namely the Pitch Synchronous Wavelet Transform [2, 3].
Searching for pieces in a music database requires theThis transform is based on a synchronous representation
use of keys in order to properly index the acoustical of pseudo-periodic sounds. The mono-dimensional sound
and musical material. Feature such as timbre, spectralsignal is transformed into a bi-dimensional signal where
characteristics and rhythm, are particularly relevant, different periods of a pitched sound are stored in the rows
although features such as tempo, style are also importanof a matrix. The waveshape is possibly padded with con-
for complete recognition. Some of these features canstant values in order to conform to the maximum period
be described in quantitative terms by means of the of the signal. As a result, along the columns of the ma-
evolution of local features at different time scales, such trix we observe the slow variations due to the evolution
as spectral centroid, spectral sharpness or, with the usef the sound period, in both shape and length. In the
of a much larger set of parameters, by means of thePitch Synchronous Wavelet Transform an array of wavelet
MFCC coefficients or of the coefficients of an LPC transforms, each operating on a single column of the ma-
model. Generally, features are described by numericaltrix provides a representation in terms of an average or
parameters that are interesting for the automatic classifi-regularized period and of fluctuations from this period at
cation of the piece but fail to provide a specific listening several scales. The block diagram of a structure comput-
experience. This experience, in turn, is really neededing the Pitch-Synchronous Wavelet Transform is shown
since it provides an acoustical overview of the music in Figure 1. The transform was proposed by the author as
piece and could constitute the signature by which one a signal representation useful for the analysis of pseudo-
can efficiently search for pieces. Our thumbnails are periodic signals [2, 3]. The feature of the transform of in-
intended to provide an average listening experience of theterest to us in the context of musical thumbnails is the ca-
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Figure 1. Block diagram of the Pitch-Synchronous
Wavelet Transform and its inverse.

pability of separating the periodic part of the signal from
its inter-period variations. In an isolated pitched sound
these fluctuations are mostly due to the excitation noise
(e.g. in the violin bow-string interaction) and/or to ex-

pressive local dynamics such as tremolo or vibrato. The ° ! w ? :
Pitch-Synchronous wavelets adapted to a constant pitch

signal are comb like. The average period waveshape isFigure 2. Comb-like frequency domain structure of the

obtained by means of projection over the subspace gen-pjtch-Synchronous wavelets and scaling functions.
erated by the scaling function. In the frequency domain

this is given by the bottom diagram in Figure 2. When
properly tuned, the scaling component represents most of 0.4
the energy of the harmonics of the pseudo-periodic signal. 0.2}
The wavelet components are characterized by side-band
of the harmonics that become narrower and closer to the
harmonics as the scale level increases.

The ensemble of fluctuations can be summed together o 2 2 5 8 10 12 14
in order to form the total noisy component of the signal. x 1d
In turn, due to the completeness of the representation, th ' ‘ ' ' ' ‘
sum of the total noisy component with the scaling compo-
nent retrieves the original signal. This provides us with g
method for extracting, e.g., the blow noises in a trumpe
sound from the remaining regular harmonic part, as show : : ) . ‘
in Figure 3. 0 2 4 B 8 10 12 014
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3. EVENT SYNCHRONOUS WAVELET

Figure 3. Tumpet tone split into its harmonic and tran-
TRANSFORM 9 P P

sient parts.

3.1. Event Synchronous Signal Representation

Event Synchronous representation
The approach of the pitch synchronous representation '
may be used at a different time scale. In order to reveal
large scale periodicities, rather than representing the sig-
nal itself we may represent a local rms power of the signal
If the piece under examination exhibits periodic features
at this time scale then the rms signal will have the same
period. This is shown in Figure 4 where we show the sur-
face of local rms values of the signal, where one row cor+
responds to the time interval of a measure. The periodicity
due to the rhythmic structure can be distictly observed in
the form of vertical lines in the pattern. In Figure 5 we ] )
may check that the chosen time base is the proper one_F_lgure 4. Event synchronous repre_sentat|on of a music

Submultiples of the base time also show a clear underly- PI€C€: rms values are represented instead of the samples

ing regular structure made up of periodic event sequences?f the signal.




wrong time base

Figure 6. Event synchronous representation of a music

piece: at a wrong time scale it shows no evidence of peri-
Figure 5. Event synchronous representation of a music odicity.
piece obtained at the chosen scale (A), and submultiples
of it: (B) half scale and (C) one quarter scale.

the thumbnail of the piece at least for the part under con-

sideration, i.e. a local thumbnail. The piece will eventu-
thus confirming the choice of the time base. The result ob- ally evolve in some manner; the next part will be exam-
tained by choosing an unsuited time scale is shown in Fig-ined in the same way and split with the same technique.
ure 6. Alternately, Foote’s similarity maps [9] can be used Therefore, given a segment of music we will first identify
to detect and extract the base time of regular rhythmic andits periodicity, i.e. the time interval constituting the basic
timbral pattern. Starting from the MFCC representation of “measure” of the piece and then analyze it using a large-
a piece of music, these maps graphically represent valuesscale PSWT. The representation involving the PSWT with
of the similarity between all short segments of the piece. the pitch-detection module replaced by an event detection
Similarity of segments is obtained as the dot product of module is called the Event-Synchronous Wavelet Trans-
their MFCC vectors (see Figure 8). form (ESWT). The result of the separation is shown in

As a preliminary stage, given a segment of music show- Figure 7, where the starting signal represents the super-

ing common features and a fixed rhythmic pattern we will position of a simple drum pattern with an uncoherent sig-
identify its periodicity, or the time interval constituting nal from running water in a river. The figure shows how
the basic "measure” of the piece. A vast literature may the transform is able to extract the underlying common
be found on this aspect, offering very advanced automaticstructure from period to period, thus capturing the essen-
techniques for the purpose of identifying the periodicities tial texture of the sound signal. The scaling component
of a musical piece [10, 11]. of the representation shows a large degree of regularity,
as it can be checked from the autosimilarity matrix [9] in
Figure 9. This figure must be compared to the source sim-
ilarity matrix shown in Figure 8: a much higher degree of
regularity results from the separation. In fact, variations
from beat to beat have been discarded from the regular
part and collected in a separate sound signal.

3.2. Event Synchronous Wavelet Transform

The starting idea for our realization is the use of a vari-
ant of the Pitch-Synchronous Wavelet Transform (PSWT)
tuned to time intervals longer than the pitch period. If the
chosen interval, say a beat or a measure or an entire musi-

cal phrase, is the fundamental period of the piece then theg 3 Features of the Event Synchronous Wavelet
transform will be able to split the signal into two parts: @ Transform

part containing features common to all beats or measures

and a part mostly containing the variations from measure The signal pair obtained by means of the ESWT has the
to measure or from beat to beat. The first part will even- property that by adding the signals in the pair we may re-
tually be able to summarize the piece and to reflect its build the source signal exactly. This useful property is
basic rhythmic and timbral evolution structure; it will be inherited from the completeness of the wavelet transform
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Figure 7. Event Synchronous Wavelet Transform: (@) its pasic structure. It will therefore be chosen as a thumb-

source signal, (b) sum of Wavelet components (c) scaling najl of the piece for the segment under consideration. We

residue. will denote it as the “periodic thumbnail” since it shows a
marked periodic and repetitive structure. This signal has

itself. Other properties are inherited from the underly- the same duration as the original piece. As already stated,
ing dyadic wavelet transform, including the power of two the_ scaling reS|du_e requires a much reduced sampling rate.
under-sampling property from level to level at different 1his undersampling works as a further means to reduce
detail definition. This means that the scaling residue hasdrastically the size of the proposed thumbnails simply and
a sampling rate scaled By ¥ whereN is the number of feff|C|en_tIy encoded by the wavelet coefficients of the scal-
wavelet scales used. Therefore this residue, when encodedd residue.
by means of the coefficients of the scaling component, has
a highly reduced rate. The next step is to select a single period from this
The perfect reconstruction feature, again inherited periodic thumbnail, which will be used as the repre-
from the Wavelet Transform, may be exploited in order sentative member of the whole periodic thumbnail; one
to allow progressive loading of sound signals in order to period in the middle is usually well suited to the purpose,
detail them at successive stages, similar to what is usuallybut other ones may work equally well. Figure 9 shows
applied to images when they are loaded from the internethow the regular part, the periodic thumbnail, has greatly
and displayed at increasing resolution. increased the autosimilarity of the signal, as opposed
to the more complex starting structure in Figure 8. In
what follows we will provide some statistical results
supporting this hypothesis. The main results are anyway
to be evaluated at the listening experience: essentially
our method should have a musical and acoustical im-
What is exploited in order to build a suitable thumbnail is pact, as it may be seen from the examples at the url
the property that the two parts in which the signal is de- http://www.na.infn.it/mfa/acust/thumbn
composed have different meanings: the regular part, i.e.ails . The piece will eventually evolve in some manner:
the scaling residue, collects features common from periodthe next sections of the piece will have different timbre
to period and, in fact, inherits from the piece its basic un- and rhythmic structure and will undergo the same analysis
derlying structure. The other part, on the contrary, collects and decomposition process. The collection of thumbnails
the inter-period variations, which are in some way the de- obtained in this way will be a thorough summary of the
tails of the piece. The first part, the periodic component, piece well suited to give a short overview of timbres,
will eventually be able to summarize the piece and reflects musical atmosphere and rhythm of the entire piece.

4. THUMBNAILS

4.1. Event Synchronous Thumbnails



Song 1| Song 2| Song 3| Song 4

Th.1

0.0529 | 0.9564 | 0.4910| 0.3088

Th.2

0.9581| 0.0603 | 0.8478 | 0.6598

Th.3

0.5375| 0.8977 | 0.0093 | 0.3063

Th.4

0.3737| 0.7282| 0.2758 | 0.0351

Table 1. Cluster distances

Figure 9. Autosimilarity matrix for the event synchronous
periodic thumbnail extracted from the piece Many Chinas
(by Mark Isham).
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Figure 10. Variances of the MFCC for both the source

4.2. Features of the Event Synchronous Thumbnails

As already pointed out, the proposed thumbnails should

and the ES thumbnail.

have a real impact in listening. However, a statistical char- PSycho-acoustical evidence of the effectiveness of the
acterization may be given in some respects. We may checkechnique which, as already recalled, has mainly an im-
that the parameters describing the periodic thumbnail, i.e.Pact as listening experience.

the “regular” part of the signal, are more uniform than the
parameters describing the original piece. We may, for ex-
ample describe the sounds by means of the MFCC coef-
ficients, obtained at a suitable time scale, or by means of
the LPC coefficients, as it is common practice in the lit-
erature for recognition and identification purposes. In the
case of MFCC coefficients, Figure 10 reporting the first 13
MFCC coefficients of a piece and of its periodic thumb-
nail shows that the variance of these coefficients is signif-
icantly decreased in the “regularized” component of the
signal. Additionally, higher order moments of the param-
eter distribution can be similarly evaluated. We can also
resort to a more detailed similarity analysis. As an ex-
ample, the commercidindsoundgrogram reveals a high
degree of similarity between the original piece and its as-
sociated thumbnail. Another evidence can be given by
means of clustering experiments. These experiments, al-
though carried on a very reduced set of four songs, clearly
show that by representing the songs in the form of their
MFCC coefficients in a reduced dimensionality space re-
sults in sufficient clustering. The related thumbnails are
well coupled to their source pieces in that their clusters
are included in the clusters of the song from which they
where extracted. Inter-cluster distances easily allow for
perfect identification, as shown in Table 1.

We must again point out that the analysis techniques
described in the above may just give a support to the
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