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Abstract

Samba delimits a privileged cultural territory, which is populated
by a diverse set of dance and musical expressions. Although several
authors have stressed the fact that music and dance are intrinsically
coupled in samba culture, there is a lack of proper methods that al-
low the description of this relationship in terms of musical patterns
and body movement. In this study, we develop a method to unravel
this relationship, using a computational heuristics that provides an
analysis framework to find periodic patterns connected with meter
in dance and music. The method is applied to a limited universe of
samba dances and music, which is used to illustrate the usefulness
of the approach. In particular, we show that an interesting coupling
can be observed between dance and music at the metrical level. The
results allow us to make the description of shared structures, such
as synchronized patterns and spatial gestures, under the common
framework of meter. Evidence for the enactment hypothesis is re-
vealed by the contrast between binary tendencies in dance patterns
and polymetric ambiguity in music. It is likely that the musical
ambiguity of samba forms is a basis for the active engagement of
dancers in re-enactment processes, thus providing a framework for
embodied meaning-formation.
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1.1 Introduction

In all human societies, dance and music appear as significant components of
human expression (Hanna et al., 1979; Grau, 1983; Brown et al., 2006), rep-
resenting symbols, rhythms, intentions, gender roles, coalitions, sense of space,
affect and emotions. Dance and music practices induce very strong experiences
of ‘reality’ and ‘engagement’, which contribute to the development of social
bonding and cultural identity (?). The Brazilian society embodies this phe-
nomenon through dance and music forms of the samba culture (Mariani and
Asante, 1998). Indeed, the samba delimits a privileged cultural territory, which
is populated by well-known forms of dance and musical expressions, personal
and social behaviours and symbolic manifestations of national identity. The
culture of samba is undeniably linked with the traditional Carnival calendar,
but even more so in a variety of subcultures in which samba dance and music
are further developed, changed and maintained.

According to several studies in musicology, history and anthropology, samba
represents the most recognizable Brazilian form of dancing, music making and
social engagement (Browning, 1995; Chasteen, 1996; Mariani and Asante, 1998;
Moura, 2004). However, the methodological basis of these studies rely on the
analysis of texts, speeches, scores, and transcriptions of samba dance and music,
and rarely examine complementary descriptions such as body movement, sound,
resonance, interaction, muscular bonding and associated experiences (Desmond,
2000). Yet, the role of the human body in establishing the intrinsic relation-
ships between music and dance, and social embodied interaction, could highly
contribute to a better understanding of samba as a component of the Brazil-
ian cultural dynamics, and similar traditions in other cultures. How can we
understand this relationship between samba dance and samba music, and what
methods can be used to unravel this relationship?

Though several authors have argued that an analysis of body movement
should be taken into account as a concrete ‘way of knowing ’ (Desmond, 1994;
Sklar, 1994), it is only recently that a proper methodological and theoretical
framework has become available, which allows an empirical study of the intrin-
sic relationship between music and dance. This framework, called embodied
music cognition, is inspired by enactive approaches (Varela et al., 1991), the-
ories of entrainment (Clayton et al., 2004) and neurophysiological evidence of
a tight coupling between perception and action in the so-called mirror-systems
(Gallese, 2001; Rizzolatti and Craighero, 2004). Within the field of embodied
music cognition, Leman (2007a) develops the viewpoint that the human body
can be conceived as a natural mediator between experience and physical envi-
ronment. Through body movement, experiences are acquired that motivate the
participation in social interaction. In view of social communication, one could
say that body movements provide corporeal articulations that reveal (or share)
these experiences to (or with) other social agents. Dance provides an evident
example of music-driven body movement with known effects on experience and
social bonding. But how does it work? To what extent can we say that dance
is a re-enactment of music, or that dance is the embodiment of music? To what
extent can we go deep into the intrinsic relationship between music and dance?

The present study aims at developing a method that allows the study of the
intrinsic relationship between music and dance from the viewpoint of embodied
music cognition. We hereby focus on the characteristics of periodic movements,
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in particular on the intrinsic relationship between periodic patterns of music and
dance. By using examples of samba dance and music, we show that interesting
couplings can be observed between the two modalities at the metrical level. In
this paper, we develop a method to unravel the nature of the periodically and
metrically related patterns of dance and music, using a computational heuristics
that provides us with a periodicity analysis framework, which can be used as
a tool to penetrate into the shared structure between music and dance. The
limited universe of samba dances and music on which this method has been
applied, does not support the formulation of detailed conclusions for samba.
Yet with this limited data-set it is possible to illustrate the usefulness of the
approach and to lance a number of tentative hypotheses about samba dance
and music.

The paper is structured as follows. In the first part we describe the actual
knowledge about samba music and dance forms (Sections 1.2 and 1.3 ) and the
necessity to develop a cross-modal analysis to approach coupled dance-music
forms (Sections 1.4 and 1.5 ). In the second part we describe a cross-modal
method for periodicity analysis of dance and music, illustrated by a series of
dance excerpts (Sections 1.6 and 1.7 ). In the final part in Sections 1.8 and
1.9 we analyse the results and the performance of our method and discuss the
preliminary observations and the perspectives of the cross-modal method, using
a limited set of examples.

1.2 The structure of samba music

The constant interchanges between western contexts and non-Western roots that
characterize the dynamic culture in which samba evolves (Chasteen, 1996; San-
droni, 2001) make it difficult to make fixed generalizations about samba forms
or traditions. However, the history of samba music is often seen as an outcome
of the lundu-maxixe-samba genealogy, which denotes not only a group of music
styles but also related dance forms that influenced each other in an intricate
cross-fertilization between styles and modalities. Lundu (first documented in
1780) is considered to be a ‘fundamental link’ between old African forms of
batuque and samba (Fryer, 2000, p. 154), but this is poorly documented in the
scientific literature. Anyhow, the lundu music was linked with the first national
dance of the same name, which dominated Brazilian social dances until 1870
(Sandroni, 2001, p. 39). By the end of the 19th century, a new couple dance
appeared, which could be accompanied not only with lundu music, but also with
habanera or tango music. This resulted in the maxixe dance, which emerged
not only as a couple dance but also as a new musical form or/and a new way
of playing music (Chasteen, 1996; Fryer, 2000). The maxixe paved the way for
the samba style that emerged in the suburbs of Rio de Janeiro at the beginning
of the 20th century. Sandroni (2001) suggests that modern samba assumes its
actual form in the 1930s, when the music was adapted to the walking steps and
tempo needs of the Carnival parade.

Samba music is generally described as having a binary meter music form,
with accentuation in the second beat, and a rhythmic texture that is charac-
terized by syncopated rhythms (Salazar, 1991; Chasteen, 1996; Mariani and
Asante, 1998; Sandroni, 2001). However, there are other sub-styles of samba,
which are differentiated from each other by a large range of variation of mu-
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Figure 1.1: Rhythmic texture of the pagode sub-style proposed by Moura (2004).
Surdo or tantã are examples of mid-low instruments that fill the low-frequency
range in a samba instrumentation. Ganzá and reco-reco lines support high-
pitched percussive lines. Other instruments such as cúıca sound in mid-high
frequency textures.

sical structure, lyrics, geographical distribution, choreography, instrumentation
and nomenclature (Fryer, 2000). The samba-carioca, samba-de-roda, pagode,
partido-alto, samba-canção, and samba-enredo are all typical samba music forms,
which are played and combined with the choreography that we focus on in this
study: the samba-no-pé dance style. Figure 1.11 shows an example of typical
pagode/partido-alto rhythmic patterns found in a samba ensemble, proposed by
Moura (2004, p. 203).

Other less evident generalizations can be added to this general definition of
samba music. Homogeneous rhythmic structures can be found in the high or
low extremities of the spectrum of samba ensemble. Bass percussions such as
surdo and tantã tend to stress beat onsets, particularly at the second beat. The
tatum layer — the lowest level of the metric musical hierarchy (Bilmes, 1993)
— emerges from 1/4 beat onsets often performed by high-pitched instruments
such as the ganzá, reco-reco or pandeiro.

Musicologists have often suggested a set of rhythmic formulas to charac-
terize the rhythmic motives used in samba music, especially those performed
by mid-range percussion instruments (e.g., cúıca, tantã, tamborim), melodic
lines and soloists. Common formulas (or motives) are the characteristic syn-
cope, tresillo and cinquilho, which can also be found in most of the African

1Short explanation of samba instruments (based on ?Loureiro, 1991; Galinsky, 1996): Surdo
— large doubled headed bass drum played with one mallet in one hand and damped with the
other hand. Tantã — mid-low instrument resembling a conga and played with the hands.
Pandeiro— standard tambourine. Tamborim textemdash small cylindrical drum percussed
with a stick. Cúıca — A Brazilian friction drum of African origin having a wood stick attached
to the centre of its membrane. It is played by rubbing the stick with a wet cloth or hand,
which vibrates the membrane and produces a roaring sound. Ganzá— A type of Brazilian
rattle, often resembling a two-headed chocalho, usually made of metal. Reco-reco— A scraper
from Brazil made of notched bamboo and scraped with a stick (similar to the güiro).
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diasporas in the Americas (Sandroni, 2001). Other motives such as tamborim
cycle (Araújo, 1992, quoted in Sandroni, 2001) or the Angola/Zaire sixteen-
pulse standard pattern in Kubik (1979) are some examples of these rhythmical
propositions. However, intricate poly-metric lines, ambiguous metrical cues,
systematic syncopation, common improvisation practices and the constant evo-
lution and proliferation of multiple forms of samba makes the task of proposing
general rhythmic formulas for samba music rather difficult.

In a recent study using computer techniques in music analysis, Gouyon
(2007) analysed the micro-timings of 16th notes in samba polyphonic audio
examples, revealing systematic deviaations in the 3rd and 4th onsets in each
4-group notes in the 16th-note level Lindsay and Nordquist (see also 2007, for
a similar study). Wright and Berdahl (2006) studied micro-timings of pandeiro
rhythms in samba music trying to describe the ‘swing’ structures by means of
machine learning. Former studies have also approached samba music from the
viewpoint of music information retrieval. Gouyon et al. (2004) was able to rec-
ognize 53% of samba songs from a database of 1360 songs (various styles), and
Dixon et al. (2004) developed a method to classify genres with up to 99% of
recognition based on the characterization of rhythmic patterns and other fea-
tures. These studies, however, define samba as a quaternary form, whereas most
musicologists would define samba as a binary meter music form. Moreover, al-
though the musical context of swing or ballroom dances is commonly related
with dance or spontaneous movements, none of the studies offered choreographic
descriptions.

1.3 Samba dance

Similar to samba music, samba dance is characterized by a large variability of
styles. Text-based descriptions often rely on an observation of body movement
sequences, but such attempts are reported to be problematic in dealing with
the profusion of simultaneous body relationships over time (Hanna et al., 1979;
Ungvary et al., 1992; Desmond, 1994; Calvert et al., 2005). Browning (1995)
provides an analysis of samba dance culture based on her immersive experiences
in Afro-Brazilian dances. She describes dance as one of the ‘texts’ of Afro-
Brazilian cultural resistance, providing textual movement descriptions of rituals,
dancers’ movements and samba dances. Chasteen (1996) and Fryer (2000) use
narrative descriptions of movement in their analysis of the social and historical
development of samba. However, studies of samba dance that draw specific
attention to the analysis of body movement are rare. Descriptions often focus on
disassembled gestures, which are attached to specific symbols or facts but hardly
provide a clue to understand the deployment of body movement in relation to
music in time.

In one of the most detailed studies on samba dance Mariani (1986) used the
Laban effort theory to describe samba choreographies. Interestingly, this study
provides exhaustive textual descriptions of the movements of samba dances in
time, accompanied by stick figures of the human body (Mariani, 1986, p. 335).
Andrade (1991) also used such figures to describe the choreography of the samba
paulista (a sub-style of samba that has evolved in São Paulo state). Blom
and Kvifte (1986, p. 503) used the same visual representation to explain the
functional relations between periodicity in Norwegian folk fiddle dance and gait
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movements. In short, the description of the articulation between body parts or
between music and dance by means of text (without the support of figures) is
not without problems.

There are a lot more studies about samba music than studies about samba
dances. A number of these music studies provide factual references of chore-
ographical elements (for example, people clapping or dancing along to music),
however, without detailed discussion of the choreographicalmusical relation-
ships. Indeed, it is not trivial to analyse the physicality of the body in space,
neither to find elements to interpret the information from the body as a symbolic
system. In addition, the role of the body in the development of musical forms
can be easily masked by its ubiquity as exclusive mediator of human experience
with the musical matter (what Desmond, 1994, referred to as ‘nearly unnoticed
symbolic system’, p. 36).

1.4 The samba dance and music connection

Although some studies tend to separate samba music from samba dance phenom-
ena, several authors emphasize their tight interconnection and interdependency.
For example, Kubik (1990), in a study of polymetric rhythms of the Batuque
of Benedito Caxias (Brazil), claims that the best way to detect common beat
patterns along the percussion ensemble was to “look at the steps and general
movement behaviour of dancers” (Kubik, 1990, p. 138). In a similar way,
Sandroni (2001) stresses the relevance of walking steps in samba parades that
incited the transformations that resulted in modern samba in the 1930s. The
necessity to consider music and dance as a holistic phenomenon in samba cul-
ture was already discussed by Sodré (1979) in the late 1970s, and more recently
by Browning (1995). Both authors noticed the effect of syncopated rhythms
in producing movement reactions in the listeners, this is what Browning (1995,
p. 9) called the ‘hunger’ for movement. Other authors, such as Fryer (2000),
Pinto (2001) and de Carvalho (2000), stress that the performatic unit of samba
culture is inherited from Afro-Brazilian rituals. Such religious traditions our-
ished within inter-textual contexts, in which the “playing of instruments, dance
movements, formalized costumes, kinetic displays, dramatization, etc., all these
aesthetic expressions put together create an environment which passes the idea
of continuity” (de Carvalho, 2000, p. 10).

The analysis of the intricate relationship between samba music and dance
is hindered by a lack of tools that allows the investigation at levels that extend
beyond the phenomenology of visual and auditory observation. The necessity
to find novel methodologies that solve the interdependence between music and
dance in multimodal phenomena has been stressed by a number of authors.
Blom and Kvifte (1986) analyzed dance and music performances of Gangar mu-
sic suggesting that the intrinsic metrical ambiguity could only be solved by the
analysis of the dancer’s movements or by the performance of traditional musi-
cians playing together with dancers. Using examples of Norwegian Springar
dance, Kvifte (2007) criticized the idea of imposing meter definitions using
isochronous time marks. Analogous to Kubik (1990), Kvifte claimed that dance
movements are key to define meter units. In African music contexts, which
form the most important background of samba culture, several studies provided
a number of similar observations about the coupling of music and dance. Cher-
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Figure 1.2: Evolution of dance notation: (a) instructional material from Art
of Dancing Explained by Reading and Figures (Tomlinson, 1735); (b) ‘Indeci-
pherable maps of footprints’ (Browning, 1995, p. xxi) often used to describe
ballroom dances and (c) choreographical excerpt in Laban notation (Herbison-
Evans, 1988, p. 46) by the International Society for the Arts, Sciences and
Technology (ISTAT), published by MIT Press Journals, reproduced with per-
mission).

noff (1991, p. 1101) claimed, “when the [African] music relinquishes its relation
to movement, it abandons its participatory potential”.

1.5 Temporal and spatial descriptions of dance

In the past, descriptions of dance had been available as procedural codes, using
sequenced text indications, images and videos. Figure 1.2(a) shows an instruc-
tional material from the 18th century, with descriptions of dance movements
and a musical score (Tomlinson, 1735). Several dance notation systems such
as Banesh, Stepanov, Conté and Nikolais notation systems followed a similar
symbolic notation (see Guest, 1989). Banesh notation and Laban notation (con-
jugated with Laban analysis based on effort theory) had a great impact on the
description of dance movement and seem to represent the strongest tendencies
in dance notation from the second half of the 20th century to now. Nuntius
(Ungvary et al., 1992), Emote (Chi et al., 2000), LabanWriter, Dance-Forms,
and MacBenesh (see comparison in Ebeweuter, 2005) are examples of symbolic
dance notation systems available in software packages.

Apart from symbolic notations, attempts have been undertaken to develop
an empirical approach to music-driven body movement. For example, in study-
ing conducting gestures, Becking (1928) drew pictures of the movement of the
hand as a basic gesture of the meter. The goal was to examine the similarity of
conducting movements between composers and styles (Nettheim, 1996). Alexan-
der Truslit suggested that musical descriptors such as time, timbre and dynamics
of music could be attached to elements of the drawing (Repp, 1993). Clynes
(1995) analysed finger movement of subjects exposed to different excerpts of
classical music and proposed that each composers’ pulse has a different ‘trace’.
More recently, Dahl (2000) analysed the motion trajectories of the arm of drum
players using a motion capture system based on infrared markers. She observed
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Figure 1.3: Evolution of gesture descriptions from Becking Curves to Ya-
mamoto’s motion analysis patterns. See explanation in the text. Sources:
Becking (1928); Truslit (1938), Plate 1 (example pages); Reprinted from Clynes
(1995, p. 273) with permission from Elsevier Science B.V.; Dahl (2000, p.227);
Reprinted from Yamamoto and Fujinami (2008, p. 815), with permission from
Elsevier B.V.

that drummers use largely different movement strategies to play drum accents.
Similar figures, which illustrate how people walk in response to music, were de-
veloped by Styns et al. (2007). More recently, Yamamoto and Fujinami (2008)
used trajectory plots to describe movements of samba musicians. Figure 1.3
shows how these analyses of movement in music contexts have developed from
subjective observation and drawing in Becking and Truslit diagrams, to more
objective approaches using kinematic measurements, such as the description of
playing technique in Dahl and Yamamoto’s patterns.

In the 1980s, Camurri and colleagues developed a platform for dance and
music analysis (Camurri et al., 1986, 2000). The platform, called EyesWeb,
is based on the extraction of low and mid level features, such as trajectories
of dancers in space, quantity of motion and contraction index (Camurri et al.,
2003, 2004). Inspired by this approach, Jensenius (2006) developed a visualiza-
tion technique called Motiongrams to study gesture in free dance movements.
Shiratori et al. (2003, 2004) used a cross-modal method that segments dance
movements with information extracted from musical rhythm in Japanese tra-
ditional dances. Guedes (2006) developed tools to extract musically relevant
rhythm from dance in real time, using spectral features. Enke et al. (2006) used
accelerometers to translate ‘inherent’ rhythm of dances in music and found
problems concerning ambiguities in the process of rhythmic motion derivation.
Matsumura et al. (2006) studied skill acquisition in samba dance, analysing
dancers’ movements with accelerometers attached on the back of the lumbar.
They observed correlations between accents in music and accents in dance.

What we propose in the next sections is the development of a new method for
the empirical study of the relationship between music and dance. The method
is based on video analysis and descriptions that resemble Becking curves. It
will be illustrated by means of original samba music and dance excerpts. Given
the samba context, our approach focuses on music and dance choreographies in
which repetitive patterns occur. We hereby focus on the development of a cross-
modal method that allows the description of dance through the lenses of the
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music metrical properties. More particularly, we describe dance using a tempo-
ral (metrical) framework that addresses both the musical (sonic) domain, as well
as the dance (body movement) domain. The metrical coupling of music/dance
is examined in a computational heuristics that provides us with a periodicity
analysis framework, which the researcher can use as a tool to penetrate into the
shared structure between music and dance.

1.6 Method

1.6.1 The periodicity transform

The description of periodic patterns, in both movement and sound, is a key fac-
tor in the analysis of music and dance. So far, methods such as Fourier analysis
(e.g., FFT), wavelet transforms, filter bank decomposition and autocorrelation
analysis have been used to examine periodicity in music-related signals (Lidy
et al., 2007; Mandel and Ellis, 2007; Tzanetakis, 2007). However, the appli-
cation of these methods to human movement (and in some cases, also musical
rhythm) is not without problems.

Take for example an FFT analysis. Since motion capture systems based on
video have limited and often low temporal resolution (e.g., 30 frames per sec-
ond in video) it may be difficult to distinguish between different shades of the
body’s (own) eigen-frequency (at about 2 Hz) (MacDougall and Moore, 2005;
Styns et al., 2007). One may be inclined to increase the FFT window, but this
is at the cost of losing the fine temporal resolution and, consequently, detection
of sudden movements. The sinusoidal and orthogonal basis of the FFT is fur-
thermore unsuited to deal with human movement, since the latter tends to lack
orthogonality and hardly be conceived as a sum of sinusoidal movement shapes.
Indeed, variations of the deployment of repetitive movements are more percep-
tible than the variations of its periods. A dancer can perform a completely
different dance in the same period. Likewise, a dance can be performed during
quite different periods, retaining the same movement deployment. Autocorre-
lation and cross-correlation methods may avoid some of the problems related
with temporal resolution but they lack the spatial descriptions of the movement
deployment of a found period (i.e. the periodic pattern).

The Periodicity Transform (PT) copes with the limitations mentioned above
in that it searches for periodic events in the data, decomposes signals onto its
proper basic periodic patterns (called its bases), and locates periods of these
periodic patterns and respective measures of energy (norm) in relation with
the signal. The PT was introduced by Sethares and Staley (1999) and further
applied in rhythm analysis (Sethares and Staley, 2001), analysis of brain waves
(Lo and Leu, 2005), video and audio integration (Ravulapalli and Sarkar, 2006),
data mining (Cai et al., 2007) and bioinformatics (Brodzik, 2007).

Figure 1.4 compares Fourier analysis, autocorrelation method and Periodic-
ity Transforms in their ability to retrieve the energy and period representation
of periodicities of a given movement signal. The top graph displays the orig-
inal movement signal (first graph). Although the resolution in this example
is sufficient (30 samples per second) to describe the frequency range of dance
movements, the FFT analysis (second graph) lacks the description of the basis
(lack of waveform) and low frequencies (large periods) show poor resolution.
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Figure 1.4: FFT analysis (zero-padded, whole window analysis using Hanning
smoothing window), autocorrelation and energy measure retrieved by PT pro-
jections of a dance movement signal with a period of repetition around 1.35 s
(two times the beat period of the music).

The autocorrelation analysis (third graph) has a finer resolution at low frequen-
cies but it also lacks the description of the periodic patterns. The last graph
demonstrates the energy measure resulting from the PT ‘projection’ of all sam-
pled periods (autocorrelation and PT analysis have the same resolution for the
signal). In all of the above, the phase relationships with the music signal are
absent in these representations.

The main idea behind the PT is to decompose the signal onto periodic
sequences by projecting a given list p of periodic patterns onto a ‘periodic sub-
space’ P . The mathematics of the ‘projection’ procedure is based on a modified
form of the Projection theorem from Luenberger (1969), as described in Sethares
and Staley (1999, 2956).

Interestingly, the results of the decomposition depend not only on the pro-
jection onto periodic subspaces, but primarily on a predefined heuristic that
manipulates the list p. For example, the algorithm small2large, proposed by
Sethares, builds an initial list composed of periods that range from the smallest
to the largest one in the sequence (Sethares suggests to limit the range from 1
sample to 1 of the signal sample length). The iteration is followed by subtract-
ing each pattern Pn with a particular period from the signal x, and then using
the residual signal r = x− xp to find the next periodic pattern, which is again
subtracted from this residue signal, and so on. Using this heuristics, the PT
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will provide an output composed of (i) periods of each periodic pattern, (ii) the
energy that each periodicity extracts from the original signal, and (iii) the set
of periodic patterns (in fact, a set of basic waveforms) that provide an analysis
of the signal (see Sethares and Staley, 1999). The measure of energy extracted
from the original signal by the periodicity is calculated as the norm or the inner
product of the periodic pattern with the signal (Sethares and Staley, 1999, p.
2954).

Unlike other methods such as Fourier or Wavelet transforms, the PT finds
its own bases, which, moreover, are non-orthogonal. The latter implies that
different heuristics (that is, different orders of projections and subtractions from
the signal) lead to different results. Like autocorrelation, PT offers a better
resolution at low frequencies than Fourier analysis, because it is linear in the
period (see Figure 1.5). The PT approach further allows the extraction of
both the temporal aspect (duration of the period) and the spatial aspect (the
deployment of the periodic pattern between two period points). Figure 1.5
illustrates the PT decomposition of a vertical movement of the right hand of a
samba dancer (shown at the bottom of the figure). The two graphs on top show
periodic bases, found in the so-called Best-Correlation heuristics of Sethares.
The dotted lines indicate the length of the basic periodic pattern that will be
repeated in time until the end of the length of the signal. The first dotted line is
surrounded by dashed lines that indicate a tolerance region for slight variations
in the beat. The labels on the left indicate the period in seconds (P ) and the
so-called energy (E) of each periodic pattern. The label (M) indicates the ratio
between the period of the periodicity and original beat period, which will be
used to identify it if the periodicity is coherent with a metrical layer.

Sethares and Staley (1999) proposed four heuristics, namely, Best-Frequency,
Best-Correlation, M-Best, and Small-to-Large. These heuristics differ in how to
select, order and limit, and iterate the set of periodic patterns. However, in view
of our aims, these heuristics are not fully adapted to a cross-modal analysis of
samba dance and music:

• The Best Frequency heuristics derives the list p from the peak components
of a DFT (discrete Fourier transform) analysis of the signal. Then, the al-
gorithm iterates following a descendent order of strong DFT components.
However, the resolution of the DFT at low frequencies is not sufficient for
dance movements and non-metrical periods may be overestimated.

• The Small2Large heuristics performs a scan of periods ranging from the
smallest one (1 sample length) to a given limit and iterates. Such strat-
egy results in poor results because the periodic dance movements with
small periods are privileged, which has no reasonable connection with the
priorities of dance.

• The Best-Correlation heuristics compares each period projection with the
original signal, trying to find the best correlated periodicities in relation to
the signal. This approach gives good results when the periodic movements
do not interfere with other non-choreographical movements. However,
important hidden periodicities can be sub-estimated if the original signal
has random events. Periodicity of dance does not emerge uniquely from
the movement itself, but in engagement with music. Correlation with the
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Excerpt 1 - Right hand : vertical  component
(Best-Correlation algorithm / Beat period=1.0437 s)
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Figure 1.5: Periodicity in movements of the right hand, using Sethares’ Best-
Correlation heuristics. The first periodicity (top graph) seems to correlate with
the metrical layer of 2 beats (M = 1.94). The second periodicity does not syn-
chronize with any of the metrical layers (M = 2.25), and is rather insignificant
in terms of energy (E = 0.06).

signal seems to be an incomplete parameter to evaluate a period of dance
movements.

• The M-Best heuristics maintains a list of the most powerful periodicities.
When a new (sub) periodicity removes more power from the signal than
one currently on the list, the new one replaces the old. Such a procedure
gives good results but the heuristics limited by internal features of the
signal may underestimate metrical movements related to music (external
to the signal). We assume that the performance of the heuristics could
be improved if the elements of the list p (periods to be projected), or
any further manipulation of it, reflect the nature of dance. Accordingly,
we propose a new cross-modal heuristics, which extracts a list of periodic
patterns from body movement using metrical properties of the music.

1.6.2 A cross-modal heuristics for periodicity transforms

What is the main rationale for choosing one or another heuristics for periodicity
transforms? In general, one could argue that a heuristics for finding period
patterns should be based on domain knowledge. In our domain of application,
dance movements are driven by music, and consequently, it can be assumed
that there is a music-dependent force that somehow constrains the dancer’s
movement. Domain knowledge will therefore be determined by biomechanical
constraints of the human body, and by the cultural constraints that relate to
music and dance.
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There are good reasons to assume that the period of the beat (also expressed
as BMP, number of beats per minute) and its organization into meter and
larger-scale dance rules is a determining factor in the embodiment of music.
The beat indeed reflects the eigen-frequency of the human body in response
to music (MacDougall and Moore, 2005; Styns et al., 2007; van Noorden and
Moelants, 2007), and therefore, it can be considered to be a fundamental drive
for movements (Thaut, 2005). In the present approach, we take the beat as
the most basic period to which the human body synchronizes its movement
in music-driven dance. In addition, we also take into account the metrical
system that is associated with the beat, that is, we take into account the periods
that correspond to the multiples and divisions of the beat period. This metric
system is assumed to be a proper structure for embodiment in samba dance.
The justification of this hypothesis is linked with the viewpoint that music-
driven dance relies on the embodiment of perceived musical structures, through
corporeal articulations (Leman, 2007b). In dance, these corporeal articulations
are organized along learned movement patterns. Evidence for the embodiment
mechanism is based on a mirror-system, that is, a tight coupling of perception
and action due to shared neuronal regions in the human brain (Gallese, 2001,
p. 606).

Consequently, an appropriate heuristics for a samba dance analysis can be
based on two basic rules, namely, (i) that relevant dance movements are conse-
quences or inductors of musical metrical layers (they may reflect these layers and
provide synchronized or counterpoint movements in relation to musical sound),
and (ii), that large movements will be more relevant than small movements.

These rules correspond to the domain knowledge on samba, namely, that
samba dance and music are rhythmically and metrically organized (Sparshott,
1995; Mariani and Asante, 1998) and that observers tend to perceive large body
motions more clearly or/and dancers tend to put more effort into acting out
large movements (the latter is linked up with the human preference for the
perception of biologically relevant movements). For an overview about this
topic, see Tversky (2003).

The heuristics is cross-modal in the sense that it looks at dance through the
lenses of the musical meter. We thus use knowledge from one domain to look
at a second domain. However, the heuristics can also be applied to the musical
domain, using information about the meter. In that way, music and dance can
be analysed with and represented by basically the same tool.

1.6.3 Implementation of the heuristic’s algorithm

Based on the former assumptions, we developed two heuristics, called respec-
tively the Best-Route and the Any-Route algorithms, using knowledge about
musical meter. Both heuristics build a preliminary list of the energy (norm) for
the projection of each period, on which peak values above a threshold th are
detected. These peak values represent the most relevant periodicities, which
are selected by its proximity with the periods of the metrical layers in music
(p ∈ ml). This process is demonstrated in Figure 1.6.

The difference between the two heuristics resides in the processing of the
lists of metrical peaks pm (see Algorithms 1 and 2). The Best-Route heuristics
process this list removing the periodic pattern from the original signal, leaving
the residual r = x − xp stripped from its p -periodic patterns for subsequent
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iteration. In contrast, the Any-Route heuristics skips this step by projecting all
periodic patterns p ∈ ml onto the periodic subspace Pp directly from the signal
(while p ∈ ml is more powerful than a threshold th). In other words, the Best-
Route heuristics tackles metrical ambiguity by privileging powerful periodicities
that match the structure of the musical meter. The Any-Route heuristics looks
for a set of powerful (but ambiguous) periodicities that are likely to be evident
due to its metrical relevance but it does not reject the metrical ambiguity. These
two heuristics are shown in Figure 1.7. In this example, the Any-Route heuristics
retrieved two metrical periodicities, which are rather similar. In the Best-Route
implementation, the second projection over the residue from the first one did
not result in any relevant periodicities (the first periodicity absorbed most of
the energy, leaving little room for the projection of the second periodicity).

The differences between Any-Route and Best-Route heuristics are important
because they offer different ways to interpret the periodicities of the signal.
Which one of the heuristics should be preferred depends on the goal of the
analysis. If the analysis aims at describing the diversity and relative magnitude
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Algorithm 1 Pseudo code of the Any-Route heuristics

For signal x, N = number of samples of x, ml = metric grid, th ∈ (0, 1) and
P = periods to be projected

1: for p = 1, 2, 3, ..., N/2 do
2: Project xp = π(x, p) (PT projection, Sethares and Staley, 1999)
3: pmp = ||xp|| (Norm of the signal)
4: end for
5: Select a decendent list of pm into pp
6: Filter periods in pp that are close to any value of ml
7: for pf = filtered periods of pp do
8: Project xp = π(x, Ppf )
9: if ||xpf || > th then

10: Store xpf (basis), ||xpf || (norm) and pf (period)
11: end if
12: end for

of metrical structures in dance movement or sound, the Any-Route heuristic is
likely to outperform the Best-Route heuristics. The reason for this is that it
hypothesizes a series of non-chained periodicities, that is, it accepts that other
factors rather than only meter and magnitude could inuence the engagement
in one periodicity. However, if the analysis aims at finding the best hypothesis
to explain the periodicity of the metrical engagement, and if explanations are
determined by meter coherence and magnitude of the periodicities, then the
Best-Route heuristics will be considered the best choice.

The use of a metrical grid, or metrical layers, to select the best periodic pe-
riods in the Any-Route and Best-Route heuristics is based on a priori knowledge
of the metric structure (either in the music or in the dance). Once the BPM is
known, we assemble the metrical grid with a collection of factors of the beat (1
beat length):

ml = [0.25, 0, 33, 0, 5; 0, 66; 1, 1.5, 2, 3, 4]∗ beat period :

When multiplied by the beat period, these factors include periods of macro
and micro structures of the meter. In samba, a bar is 2 beats length. Multiples
of the bar (4 beats length) and polymetric lines (e.g., 3 beats) may also be
expected. Micro metrical structures such as the tatum layer (0.25 beat factor)
are considered as well. Ternary structures can also be represented by the factors
0.33, 0.66, 1.5 and 3.

The pseudo code of these heuristics is described in the Algorithm 1 and
Algorithm 2.

In the next sections we show how the above cross-modal heuristics for peri-
odic pattern analysis can be applied to samba dance performances.
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Algorithm 2 Pseudo code of the Best-Route heuristics. (*) indicates the dif-
ferences between the Any-Route and Best-Route heuristics.

For signal x, N = number of samples of x, ml = metric grid, th ∈ (0, 1) and
P = periods to be projected

1: for p = 1, 2, 3, ..., N/2 do
2: Project xp = π(x, p) (PT projection, Sethares and Staley, 1999)
3: pmp = ||xp|| (Norm of the signal)
4: end for
5: Select a decendent list of pm into pp
6: Filter periods in pp that are close to any value of ml
7: r ← x (*)
8: for pf = filtered periods of pp do
9: Project xpf = π(r, Ppf )

10: if ||xpf || > th then
11: r = x− xpf (*)
12: Store xpf (basis), ||xpf || (norm) and pf (period)
13: end if
14: end for

1.7 Analysis and synthesis of periodic patterns
in
samba dance

The aim of this section is to illustrate the application of the cross-modal heuris-
tics for periodic pattern analysis to samba music and dance. The analysis of
dance starts with analysing video recordings and the tracking of pixel-positions
of body parts (Section 1.7.1). The movement data is then decomposed into two
dimensions, namely, the vertical and horizontal pixel positions. Each dimen-
sion is then analysed, and recomposed in its original two-dimensional (video
plane) aspect (Section 1.7.2). The analysis provides a set of representations
of periodic patterns that describe samba dance movement in space and time.
The analysis of music starts with a decomposition of the auditory stream into
perception-based filter banks, from which we extract the metrical constituents.

1.7.1 Dataset and movement tracking

Data collection

Two professional Brazilian dance teachers (male and female) performed six
dance sessions, using samba music from their own repertoire. The instruc-
tions for the dance performance were (i) to dance in samba-no-pé style (see
Section 1.3), (ii) to perform homogeneous and simple dance steps, (iii) and to
organize the dance in a frontal presentation. In this study we only concentrate
on homogeneous excerpts with a length of 8 musical beats.

The samba music was chosen by the dancers themselves, in a tentative man-
ner to create a natural context based on the familiarity with music and dance
elements. They were asked to agree upon three samba pieces, from less to more
‘danceable’. Each dancer danced to the three samba pieces (excerpts 1 to 3 from
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Table 1.1: Description of the songs selected by the dancers to perform the
dances.

Excerpts Title Composer BPM Record
1 and 4 Espelho João Nogueira 57.5 João Nogueira and

Paulo Cesar Pin-
heiro - Parceria -
1994

2 and 5 Ela veio do
lado de lá

Benito Di Paula 76.3 Brasil Som 75 -
Benito Di Paula -
1975

3 and 6 Do jeito que
a vida quer

Benito Di Paula 89.21 Benito Di Paula -
Benito Di Paula -
1976

male and excerpts 4 to 6 from female), which brings us to a total of six dance
performances. The songs were composed and performed by popular samba com-
posers. Table 1.1 shows the samba pieces and their tempo (expressed in BPM),
from which the beat period can be derived. The first column refers to the dance
excerpts.

The conditions of the dance recordings hardly reflect the natural dance con-
text, but we expect that professional experience of the dancers may somehow
compensate for the ecological infringement. Indeed, samba dance professionals
may have developed a better ‘body image’ of the dance form than novices, and
display a deeper awareness of differences regarding other dance forms. We there-
fore assume that their way of performing is more concentrated in the objective
tasks that aim to demonstrate samba dance forms.

Tracking movements

In this study, 9 body points were identified and marked, namely, nose, left
shoulder, left hip, hands (left and right), knees (left and right) and feet (left and
right). The trajectories of these body points were determined by using manual
movement tracking. This technique, although time consuming, has been used in
ethnographical studies and in speech analysis with considerable results (Clayton
et al., 2004; Rossini, 2004). It consists in marking and recording the position
(horizontal/vertical pixel position) of a desired visual element for each video
frame (see Figure 1.8).

The video recordings were realized using a 3CCD Mini-DV camera and pro-
fessional microphones, registered in DV-NTSC format at 30 fps and audio res-
olution at 48,000 samples per second. The manual annotation, as shown in
Figure 1.8, was carried out using a specific patch in EyesWeb (Camurri et al.,
2000). The analysis resulted in a set of 18 vectors (2 x 9 body parts) for each
dance excerpt, using the same temporal and spatial definitions of the video
format (30 frames per second of temporal resolution and 720 by 480 pixels of
spatial resolution for the entire image).

We then segmented the vectors in such a way that they corresponded to 8
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Figure 1.8: Frame-by-frame manual tracking. Each white dot represents one
position marked with the mouse using visual identification (for illustrative pur-
poses the size of the points shown here is bigger than the original). The original
EyesWeb-patch offers a visually recognizable mark definition of 1x1 pixel along
a special definition of DV-NTSC format (720 x 480 pixels).

musical beats (4 bars). This was done in order to have a precise representation
of the dancer’s behaviour along 4 bars. The beat markers and mean beat periods
used to calculate metric layers from the music were extracted using a manual
inspection of beat tracking with the software Beatroot (Dixon, 2007).

The signal corresponding to these patterns was then resampled to 768 sam-
ples in order to have a proper factorable integer as the total sample. As described
in Sethares and Staley (1999, p. 2961) this procedure optimizes the performance
of the algorithm by improving the detection of the expected periodic patterns,
in this case, patterns that correspond to the periods of the metric layers. A
low pass filter was also applied to the signal in order to eliminate deviations
from the manual annotation. The signal was also subtracted by its mean in
order to avoid the inuence of the DC offset (resulting from the pixel position)
while calculating periodicities (for easy recognition of indications by the reader,
right and left sides will be referenced here from the viewpoint of the observer
— inverted in relation to the viewpoint of the dancer).

1.7.2 Periodic patterns, Becking curves, and dance ges-
tures

A dance movement can be simple and overtly repetitive along one spatial di-
mension. However, dance movements are frequently more complex, sometimes
not periodic and improvisational, sometimes periodic but ambiguous. A move-
ment can show strong binary periodicities in the lateral displacement. At the
same time it can show contrasting ternary periodicities in the vertical direction.
It can also be perceptually ambiguous if, for example, short period repetitions
are grouped and give the impression of bigger periodic sequences. In that type
of movement, the best periodic pattern cannot be directly defined. The final
interpretation becomes an active disambiguation process in which other factors
than movement periodicity may interfere.

Our approach provides some alternatives to offer such a context in dance and
music. For dance movements that are strongly coupled with the metric levels of
music, the Best-Route heuristics tends to offer the simplest explanation. Strong
coupling results in a situation where the heuristics is able to find a very powerful
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periodic pattern in the metrical grid that ‘explains’ a great part of the dynamic
of the signal. Most of the energy will be subtracted by this period, which will
leave little room for other decompositions that apply over the residue.

However, if the signal is ambiguous but metric, that is, based on polymetric
periodicities, then residues tend to leave room for subsequently but significantly
less powerful decompositions. In certain cases, and especially where the signal
dynamics of one metric level overlap and consequently mask the other possible
dynamics of another level (e.g., multiples like 2 and 4), it may be better to
apply the Any-Route heuristics if such masking is undesirable. If movements
are intrinsically not metrical, or metrical in other very contrasting tempi, both
heuristics will ignore such periodicities because the selection of peaks will block
non-metrical elements (see Figure 1.7).

Exploring spatial periodicities

By applying the Best-Route and Any-Route heuristics to the movement vectors,
we obtained (i) the periods, (ii) a measure of energy, and (iii) bases of the
most powerful patterns whose periodicities synchronize with the metrical grid.
Figure 1.9 shows an example of the analysis of the horizontal displacement of
the left hand (excerpt 1, male dancer, musical beat period = 1.04 s), using the
Best-Route algorithm. The periods (P ) of the two most powerful periodicities
correlate with 2 (M = 1.99) and 3 (M = 2.92) times the beat period (P = 4.16
s and P = 3.12 s, respectively) and extract a ratio of E = 0.58 and E = 0.04
of the energy of the signal, respectively. In a similar way, Figure 1.10 shows an
example of the complementary vertical displacement of the left hand in excerpt
1. The two most powerful periodic patterns showed the presence of periods very
close to those of the metrical layers with 3 and 4-beat length (P = 2.08 s and
P = 3.12 s, respectively). They extract a ratio of E = 0.78 and E = 0.03 of the
energy of the signal, respectively.

In the case of the Best-Route algorithm, the energy of the above-mentioned
periodicities can be summed up to a total that represents the part of the energy
of the signal that is contained in metrical periodicities (for Figure 1.9, E =
0.62 and for the Figure 1.10, E = 0.81), because it decomposes the signal
from subsequent operations into the signal and residues. Likewise, the ratio
of residual energy (which in this case is 1 subtracted by 0.62, E = 0.38, and
1 subtracted by 0.81, E = 0.19) can be interpreted as the part of the signal
that is (i) not engaged in the metric structure defined a priori, and/or simply
(ii) not periodic. In the case of the Any-Route algorithm, the absolute sum or
mean value of energy measure is not meaningful because the periodicities are not
subsequent decompositions of the signal. However, the proportions of energies
between metrical layers can lead to good indications of the ‘metrical profile’ of
the universe (e.g., dances or body parts). As mentioned above, mean values of
energy of the periodicities along dances or metrical levels must be interpreted
with care, respecting the particularities of each method.

A visual inspection over the signal and the most powerful periodicity (E =
0.58) displayed in Figure 1.9 shows that the periodicity pattern with a length
of 2 beats is able to explain the overall behaviour of the signal.

Unfortunately, periodicities displayed in one dimension deliver incomplete
information, because they are based on a reduction of the two-dimensional pla-
nar perspective of the video. At first sight, one could conjugate the periodic
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Figure 1.9: Analysis of the horizontal movement pattern of the left hand (excerpt
1, male dancer, musical beat period P = 1.04 s).

patterns from each dimension. However, there is no guarantee that the analysis
in both dimensions leads to periodic patterns in the same metrical layer. This
problem is illustrated by the analysis displayed in Figure 1.9 and 1.10 (hori-
zontal and vertical component of the left hand). The most powerful periodic
pattern in the horizontal dimension has a length of 2 beats (Figure 1.9, top
panel), while the most powerful periodic pattern in the vertical dimension has
a length of 4 beats (Figure 1.10, top panel).

We solved this problem by ‘forcing’ the PT projection onto its complemen-
tary dimension. Thus, if there is only one evident periodicity for a given metric
layer in one dimension, then we project its period onto its complementary dimen-
sion. In other words, we use domain knowledge (namely the period duration)
from the first dimension to find the periodic pattern in the second dimension
by projecting the periodicity directly onto it. Two complementary periodicities
are able to reconstruct a general spatial view that represents the periodic shape
of the movement in video. In addition, the original time domain evolution of
both vectors can be maintained by placing markers showing the evolution of the
pattern along subdivisions of the metric level.

Figure 1.11 illustrates the process of reconstructing the two-dimensional
movement, starting from periodic patterns in the vertical and horizontal di-
mensions. The small circles on the two-dimensional periodic pattern indicate
0.5 beat steps in its temporal deployment. The resulting pattern is similar to
the Becking curves shown in Figure 1.3. Reconstruction of the pattern of the
left hand (male dancer, excerpt 1), in the metrical level of 2 beats (Bar).

This method allows us to represent the repetitive movements in the expected
metrical levels as ‘gestures’, that is, as entities of body movement that can be
conceptualized as body images, and perhaps further decomposed into smaller
units of elementary gesture patterns (see also Li and Leman, 2007).
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Figure 1.10: Analysis of the vertical movement pattern of the left hand (excerpt
1, male dancer, musical beat period P = 1.04 s).

The non-orthogonality of the set of periodic patterns implies that the ges-
tures — here conceived as a two-dimensional reconstruction based on the peri-
odic patterns from the vertical and horizontal vectors — are dependent on each
other. This property leads to two ways to interpret the results.

On the one hand, using the Best-Route heuristics, the periodicities are the
results of defined choices and are successively stripped out of the signal. In this
case, the most powerful periodicities may have taken over some part of the other
periodicities and left behind low levels of ambiguity. The gestures resulting
from this computation may be interpreted as being the best ‘hypotheses’ for
the periodic movement, if it is considered that important periods are the large
movements that fit between the boundaries of the metrical layers. However,
a listener or witness is not perceptually passive (Leman, 2007b), and one can
redirect perceptual effort to other possible periodicities, not necessarily large
ones. In such cases where a set of possible choices is taken into account, the use
of the Any-Route heuristics would be more appropriate.

In the Any-Route heuristics, the set of periodicities are always derived di-
rectly from the original signal, without computation of residue. The gestures
that resulted from these Any-Route periodicities should be conceived as an
overview of metrical ‘possibilities’, hypothesis or patterns that are likely to be
individually perceived although intrinsically ambiguous. For that reason, the use
of the Any-Route heuristics is the most appropriate for giving general overviews
of the metric structure.

Exploring gesture comparisons

Figure 1.12 shows a gesture grid composed of ‘Becking’ curves of the left hand
of the male and female dancer during the six excerpts (horizontal axis), and in
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Figure 1.11: Reconstruction of the pattern of the left hand (male dancer, excerpt
1), in the metrical level of 2 beats (Bar).

all metrical layers (vertical axis).

The differences and similarities observed along all metric layers (columns)
provide us with interesting information about the dancing gestures. The Becking
curves display the hypothesized movement contribution as seen in each metrical
layer, although not all metric layers may be perceptually evident. Note the
differences between the two dancers. The male dancer (Excerpts 1 to 3) tends
to move the left hand in a vertical position, while the female dancer (Excerpts
4 to 6) tends to move the left hand in a horizontal position.

Although such curves resemble trajectory descriptions or mean paths of tra-
jectories, our method lies in a more sophisticated heuristics that searches for
periodic patterns along the signal. It provides not only a general basis of rep-
etition that allows us to rebuild the trajectories in a periodic representation,
but also a systematic connection with periods and relative energy measures of
these movements. It surpasses frequency definitions of Fourier methods in low
frequencies and shows insightful representations in terms of basis. It represents
a different alternative for multivariate visualization techniques (e.g., recurrence
plots) because its results are similar to visual trajectories in video or any other
visual media and analogous to perceived movement profiles. The Becking curves
in the metrical level 2.00 seen in Figure 1.12, for example, represents how left
hand movements are repeated on the video screen at every two beats, during
the entire dance excerpts.

Finally, in order to have a global picture of the periodicities and distribution
of these energies along the body we developed a global representation of our
data, similar to the representation of periodicities from Flannick et al. (2005).
This graph (see Figure 1.13) shows a visualization of the mean energy of peri-
odicities found in each part of the dancer’s body. The mean energy of the group
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Figure 1.12: Becking curves of samba dances. Left hand gestures of the male
and female dancer in all excerpts (horizontal axis), in all metrical levels (vertical
axis). Each box represents a gesture according to the Becking curve (with
vertical and horizontal dimension of the movement).

of periodicities is normalized and displayed as degrees of grey and placed on its
period ‘slot’ or bin (the actual definition of these slots is 1/40 of the beat).

By using this set of methods we aim to describe the samba dance form
in terms of basic gestures (rooted in repetitive metric patterns) and use these
descriptions to study how repetition in dance movements show the deployment
of bodily engagement. The method can be extended to other dance forms in
which movement repetition is important.

The next section explains our approach to analyse extended to other dance
forms in which movement meter in music using the same framework of the
analysis of the body.

1.7.3 Applying the heuristics for periodic pattern analysis
on samba music

We applied the heuristics for periodic pattern analysis on audio analysis, using
an auditory model described in detail in Van Immerseel and Martens (1992)2.
This auditory model implementation simulates auditory decomposition in the
periphery of the auditory system (see the diagram on the left of Figure 1.14),
which results in loudness vectors of 40 channels obtained from neural rate ac-
tivity (Van Immerseel and Martens, 1992, p. 3514). On these 40 channels we

2See also the IPEM toolbox available at http://www.ipem.ugent.be
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Figure 1.13: Image of the periodicities from each body part. Mean energy ratio
of periodicities is normalized to degrees of grey(0:1 = white:black). Black pixels
represent strong periodicities.

applied the heuristics for periodic pattern analysis, using the very same ap-
proach as described for the periodicity image of body movement. Figure 1.14
(left panel) shows the results. For each channel we calculate the mean energy
(norm) of the periodicities for each metrical level. The results were normalized
to represent the ranges of energy as degrees of grey colour (0-1). The Any-Route
heuristics finds all possible metrical hypotheses and their relative weight in the
auditory channels. Keep in mind that the metrical grid is the same used to
calculate metric periods for dance and music analysis.

1.8 Analysis results and discussion

In this section, we apply the above method to a limited set of samba music
and dance excerpts. In Section 1.8.1, we offer a general description for the
embodiment of meter over different excerpts. In the Section 1.8.2 we explore the
spatial descriptions of gesture grids (described in the Section 1.7.2) looking for
differences and similarities that emerge from group comparison among dancers,
stimuli, metric layer and magnitude.

1.8.1 Metre in music and dance

Overall results

An overview of the meter-related periods in music and dance was obtained by
applying the Any-Route heuristics to the audio and movements of all dance
excerpts. Figure 1.15(a) shows the mean, standard deviations and variance of
their energy (norm) that is associated with the periods of the audio stimuli;
Figure 1.15(b) displays the same analysis over movement of the dancers. In-
terestingly, the music results (a) show the expected polymetric characteristic of
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Figure 1.14: Diagram the computational process involved in the generation of
the periodicity auditory images described in the text. Mean energy ratio of
periodicities is normalized to degrees of grey(0:1 = white:black). Black pixels
represent strong periodicities.

samba music, with a prominent 4-beat layer mixed with ambiguous ternary and
binary levels. The dance patterns (b) have their energy level mainly concen-
trated within 2-beat periodicities, and this energy is significantly higher than in
other metrical layers. In other words, the presence of binary metric tendencies
in the dance is more prominent than in the music.

The following analyses of distributions of metric energy display the distri-
bution of the periodicity energy in more detail.

Metre distribution in audio Starting with the audio analysis, Figures 1.16
and 1.17 display a detailed image of distributions along the 40 channels of the
auditory spectrum. The first result in Figure 1.16 is based on a heuristic that
was extensively used by Sethares and colleagues (Sethares and Staley, 1999,
2001; Sethares, 2007) to approach meter in music (audio). This approach is
based in the Best-Frequency heuristics, which is based on a DFT analysis of
the signal. Figure 1.17 shows a similar representation, using the Any-Route
heuristics and applying it to audio. This is based on a search for strong periods
in the metrical grid. These two examples demonstrate the difference of results
obtained with both implementations.

The horizontal axis represents metric layers while the vertical axis represents
the 40 auditory channels from the auditory model. Black pixels represents
high periodic energy. Vertical shadows on the image thus suggests a tendency
of concentration of energy in a metric layer over the auditory channel span.
The mean of all periodicity in a metric level was normalized between 0 and 1
(respectively white and black values). In the following figures, for example, it
is clear that this power is very prominent in layer 2, 4, while less prominent in
layer 1 and 1.5.
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Figure 1.15: (a) Metric distribution (mean of power norm extracted by each
periodicity) over music excerpts. (b )Metric distribution over dance excerpts.

Metric distribution in dance movement The same visualization can be
obtained by applying the same processes over movement. In the first figure
(Figure 1.18) we show the analysis using Sethares’ Best-Frequency heuristics.
In Figure 1.19 the analysis of movements is computed using our Any-Route
heuristics. These visualizations were explained in detail in Section 1.7.3.

Discussion

The results of Figure 1.15 reveal that relevant observations can be obtained by
studying how samba dance and music interact with each other. While the metric
energy in the auditory spectrum is not clearly concentrated in one metrical level,
the energy in dance movements is quite prominent in the 2-beat metric layers.
Results from audio analysis are supported by the literature discussed before,
which describes samba music as a polymetric form. However, the binary meter
of samba music, which is strongly recognized within musicology, is much more
evident in the results of metrical content of dance than in the apparent ambigu-
ous meter of the auditory stream. This seems to suggest that perception of body
movements that stress particular repeating strucsamba may be movement-based
in the sense that through tural cues so that they become important within the
self-movement (of the dancer in response to music) experience of the temporal
organization of the music. musical patterns get rhythmically disambiguated.
The The mere act of disambiguation can thereby be seen as a perceived musi-
cal structure should be seen as the result of meaning formation act, because it
allows the body to resonate with (or filter) a preferred metric structure that is
slightly hidden in the music. The process requires an active contribution from
the listener. The phenomenon may be related to the work of Phillips-Silver
and Trainor (2005), who trained human infants to do this by bouncing them to
every second versus every third beat of an ambiguous auditory rhythm pattern.
They proved that this training inuences whether that auditory rhythm pattern
is heard in duple form (a march) or in triple form (a waltz). Because infants did
not engage in self-movement, it was concluded that the observed effect likely
involves the use of vestibular and perhaps proprioceptive systems. A similar
effect was obtained with human adults who jumped up and down by bending
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Figure 1.16: Image of the distribution of energy in each auditory channel (mean
energy ration extracted by each periodicity) using the Best-Frequency algo-
rithm. The same procedure was used in Sethares’ publications.

their knees (Phillips-Silver and Trainor, 2007)
However, if we look at the distribution of periodicities along the auditory

stream (Figure 1.15), other interesting features can be observed. While period-
icities in low frequency channels show a harmonic and structured metric dispo-
sition, stressing the beat, measure (2 beats) and the double measure (4 beats),
it also leaves some room for polymetric patterns, reinforcing the 3-beat layer.
Mid-range auditory spectra exhibit diverse poly-metric periodicities, probably
related with syncopated formulas performed by mid-range instruments. Fast
structures provide the tatum dynamics with 1/3 or 1/4 beat fast onsets, prob-
ably accentuated in polymetric repetitions with 1, 1.5, 3 beat lengths. Such
polymetric structure, which is based in the accentuation of fast onsets, is able
to challenge and reinforce the metric line sustained by the low instruments.
We applied an onset detection algorithm (based on auditory module from the
IPEMToolbox, Leman et al., 2001) to song 2. Figure 1.20 shows the result of
this analysis, which illustrates the occurrence of the structure mentioned above
in a representation of attack events along time.

The distribution of metrical energy along the audio channels, as displayed
in images in Figure 1.16 and 1.17, indicates the presence of a ‘column’ of 2-beat
periodicities. This distribution of 2-beat periodicities spread over all channels of
the auditory stream may be a factor that justifies the perception of the binary
meter, although the absolute energy values are less powerful than other metrical
levels.

The Best-Frequency algorithm recognizes the 3-beat level as a beat level at
about 2.7. This deviation is probably due to the resolution of the DFT. The
poor resolution of the DFT at low frequencies combined with the intrinsic lack of
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Figure 1.17: Image of the distribution of energy in each auditory channel (mean
energy ration extracted by each periodicity) using the Any-Route algorithm.
The Any-Route implementation shows here an overview of emergent metric
energy encoded in repetitive patterns in all samba excerpts.

orthogonality of the method implies that better explanations of the periodicity
of the signal may be covered by approximated results.

The presence of 4-beat periodicities is also strong in our audio analysis. It
is known that non-acculturated subjects often tend to interpret samba music
as a quaternary form, which can be justified in part by its harmonic ambiguity
derived from the binary form but also by the information extracted from the
auditory stream. It is also possible that the metric layer 4 (4 beat other shorter
periodicities. The tendency to have higher length) reflects an artifact imposed
by the process of PT energy at longer periods is inherent to the algorithm calcu-
lations, because larger periodicities may contain because bigger repetitions are
likely to extract more energy from the signal, due to the fact that constant pe-
riodicities tend to be grouped by its bigger repetitions (Sethares, 2007, p. 138).
A possible solution would be to constrain the length of the periods according
to the eigen-frequencies found in beat perception (Van Noorden and Moelants,
1999).

1.8.2 Overview of dance gestures

Results

An overview of metrical variance between dances performed by the female and
male dancer is shown in Figure 1.21. There is no significant metrical difference
between the two dancers. In both cases, the texture of metric movements seems
to be larger and more powerfully concentrated in binary forms, compared to the
metrical structures in music (see Figure 1.15).
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Figure 1.18: Image of the distribution of metric distribution in each of the 9
body parts using the Best-Frequency algorithm (mean energy norm extracted
by each periodicity).

When metrical gestures are grouped in a grid, spatial differences or differ-
ences related with the contours of repetitive gestures become evident, as ex-
emplified by Figure 1.12 (left hand) and the following Figure 1.22 (right hand);
right and left positions are in relation to the observer (not relative to the dancer).

Note that in both Figure 1.12 and Figure 1.22, the male dancer tends to
perform more diagonal shapes, while the female tends to move more horizontally,
waving the hand below the torso, in a pendulum-like movement. It was also
observed that dances danced in slow tempo show larger movements, suggesting
that fast tempo is characterized by not only fast movements, but more straight
lines in choreographical space, or less curved gestures.

Another interesting difference found in these excerpts is related with the ges-
ture trajectories of the feet. The movement of the feet has a strong importance
in samba dances and in other Afro-American dances. The feet develop not only
choreographical functions but its trajectories may guide the ow of weight of the
body and anticipate postures. Figure 1.23 shows a grid of patterns performed
by the right feet in all dances. Note that the effect of the perspective, caused
by the higher position of the camera, contaminates the vertical component with
a third dimension related with deepness.

An analysis of the distribution of the periodicities across the stimuli is dis-
played in Figure 1.24 (songs 1, 2 and 3). There is a tendency in metrical levels
2 and 4 to suggest that the tempo might inuence the metric distributions of
dancers’ movements. Although not statistically significant, they seem to dis-
play more quaternary dance periodicities when the music has slow tempi and
more binary dance forms when music has fast tempi (song 3).
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Figure 1.19: Image of the distribution of metric distribution in each of the 9
body parts using Any-Route algorithm (mean energy norm extracted by each
periodicity).

Discussion

The analysis of tempo in the music excerpts chosen by the dancers for this exper-
iment resulted in increasing BPM levels (57.5, 73.3 and 89.21 BPM), which seem
to reflect what they may have perceived as less, medium and more ‘danceable’
music (see description in Section 1.7.1). Although not statistically significant, it
is suggested that the slow tempo (perhaps interpreted as a distinct ‘slow dance
style’) provokes sparser cycles of movement by shifting periodicities from 2 beat
length to 4 beats. On the other hand, a faster tempo tends to inuence the chore-
ographies by shifting 4 beat length patterns to 2 beat lengths. The increase of
rhythmical complexity and the decrease of time integration periods necessary to
adapt to the rhythmic ambiguity may be taken into account in order to explain
such changing from large to shorter repetitions. In addition, this trend reveals
a bias to dance in a binary meter, which is easier when dance forms have a fast
tempo.

Although other groups of gestures may deliver interesting observations over
the variance and invariance of gesture in samba forms, hands and feet are the
most evident compounds of dance forms in both visual (video inspection) and
numerical representation (tracking data). Nose, shoulder, knee and hips were
particularly subjected to deviation errors in the manual tracking, which may
have resulted in random noise artifacts in the signal. This effect may reflect
problems in the detection of non-precise ‘points’ in the natural silhouette. The
shoulder, for example, is not seen as a clear point in the body anatomy but a
round contour extending from the clavicle to the forearm. Figure 1.25(a) and
(b) show two complete sets of gestures performed in two dances. Metrical char-
acteristics and contours of gestures are quite evident in the general inspection
of the dance represented in the video.

One of the problems in representing feet movement of samba dance using
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Figure 1.20: Onset detection image based on the auditory model images.

this approach is that the displacement of points (marked down on a foot ex-
tremity) roughly represents the intention of foot rotation around the heel. A
close inspection in the video shows more movement differences that may explain
the different gesture trajectories between dancers. The movement of feet per-
formed by the male dancer is often projected forward and rotated around the
heel in the half part of the gesture cycle. However, in the dances performed by
the female dancer we observed that her feet movements involve shorter projec-
tions ahead and a rotational gesture around the extremity of the feet. Although
this explanation of differences is not properly described by our representations,
the gesture grid of feet is able to capture relevance and metric and rhythmical
engagement of overall movements.

1.9 General discussion

The goal of this paper was the presentation and illustration of a cross-modal
method for the study of samba music and samba dance.

The core of this method is the use of musical meter as a lens to decompose
body movement according to a proper periodic structure. The method is in
agreement with an elaborate literature in which the samba culture is described
as a form of human expression, in which music and dance are intricately related
with each other (Sodré, 1979; Browning, 1995). Above all, our method is in-
spired by recent neurophysiological insights in the way in which humans handle
periodicity when moving. Reference can be made to the hypothesis of a coupling
between perception and action through a neuronal mirror-system (Rizzolatti
and Craighero, 2004), and more specifically, evidence for strong ‘period-based
entrainment mechanisms between motor and auditory systems, similar to oscil-
lators that become coupled in frequency to one another’ (Thaut, 2005, p. 43).
This hypothesis is based on the possibility of a direct projection of rhythmic
time information as auditory perceived into rhythmic motor responses. Hence,
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Figure 1.21: Mean energy and standard deviation of periodicities found across
all body parts in all excerpts.

it can be conceived as a kind of resonance system.

However, the embodiment of music may rely on different degrees of res-
onance behaviour, which range from simple synchronization to attuning (or
re-enactment) and empathic behaviour (Leman, 2007b). In samba music and
dance, there are indications that the human body is involved in a consequent
re-enactment of the samba meter. Re-enactment assumes an active role of the
subject that responds to music.

Evidence for the re-enactment hypothesis is revealed by our cross-modal
analysis, in particular by the finding that the meter in samba dance is not exactly
the same as the meter in samba music (Figure 1.15(a) and (b)). Indeed, meter in
samba music is characterized by periodicities that extrapolate the binary musical
bar, showing quaternary and ternary metric tendencies (Figure 1.17). One may
also point out an inherent rhythmical ambiguity, which further contributes to
the overall confused and ambiguous metric character of samba music. In contrast
with the music, meter in samba dances seems to suggest a different profile in
which the binary beat layer gets a more prominent role (Figure 1.19). Our
initial observations suggest that counter phase oscillations between mirrored
body parts may reaffirm these symmetrical 2-beat movements. Spatial gestures
not only are better defined in 2-beat layers, but gestures are more precise and
strong in the affirmation of beat and 2-beat marks (Figure 1.22 and Figure 1.23).
Further study is needed to figure out the precise nature of the rhythmic figures
and interactions between body parts. It is likely that they may reveal interesting
metrical constituents that reinforce oscillations in bar, beat and tatum levels.

Obviously, the cross-modal method is a starting point for further develop-
ment in several directions. Our reenactment hypothesis implies that the samba
dance in turn contributes to perception through a disambiguation of the inher-
ent ambiguity of the samba music meter. Disambiguation may well be the effect
of the biomechanics of the human body, which imposes a certain motor struc-
ture onto an ambiguous auditory stimulus. The role of the body in this process



1.9. GENERAL DISCUSSION 33

−18
8

34
60

N N N N Uv Uh B B B

−18
8

34
60

N N N N N N Uv N N

−18
8

34
60

N N N N Uh Uh B N N

−18
8

34
60

N N N N Uv Uh B B Uh

−18
8

34
60

N N N N Uv N Uv N Uv

−18
8

34
60

N N N N Uv Uh B B N

Ex
ce

rp
t 1

0.25 0.33 0.50 0.67 1.00 1.50 2.00 3.00 4.00

Ex
ce

rp
t 2

Ex
ce

rp
t 3

Ex
ce

rp
t 4

Ex
ce

rp
t 5

Ex
ce

rp
t 6

Fe
m

ale
M

ale
Gesture grid: right hand (all excerpts)

Metric layers (in beats)

Figure 1.22: Grouped patterns representing left hand patterns. Rows from
excerpt 1 to excerpt 3 are performed by the male dancer, rows from excerpt 4
to excerpt 6 are performed by the female dancer.

may be a determining factor in meaning formation and subjective experience.

There are several ways in which the present study may be further developed.

A first direction is an improved motion capturing technology. While sig-
nificant results can be obtained with video capturing, other methods, such as
3D-motion tracking systems (based on infra-red cameras) may provide finer de-
tails of the movement. Furthermore, we believe that our method can be easily
extended to 3D motion.

A second direction is concerned with the study of a larger dataset for samba
music and dance. We believe that our method can be applied in a straightfor-
ward way to an extended database of samba music and dance, and other styles
as well, which is needed to test the reenactment hypothesis more thoroughly.

A third direction is concerned with a refinement of the cross-modal method
and its associated heuristics itself. This method consists of a periodicity analysis
and a heuristics. The periodicity analysis, based on the Periodicity Transform,
was shown to be of interest within the context of music and dance analysis. The
Any-and Best-Route heuristics allows a cross-modl approach based on a high-
level structural concept, called musical meter. It was shown that this can be
applied both to music and to dance. However, we believe that this method can
be generalized further and that the metric framework can be used as a general
method for the determination of periodicity in samba music and in dance, and
perhaps also a number of other styles.
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Figure 1.23: Grouped patterns representing patterns from left foot. Rows from
excerpt 1 to excerpt 3 are performed by the male dancer, rows from excerpt 4
to excerpt 6 are performed by the female dancer.

1.10 Conclusion

The present paper introduces a cross-modal heuristic for period pattern analysis
of samba music and dance. This heuristics is based on the hypothesis of an
intricate link between samba music and dance, which finds its origin in the meter,
or metric structure. The periodicities that make up the meter are divisions and
multiples of the beat, which is the basic periodic unit in the music.

The cross-modal heuristics developed in this paper is based on the Periodic-
ity Transform, which allows the decomposition of a signal in terms of periodic
patterns. The periodic patterns provide the period (time markers) and the
waveform (deployment between time markers), as well as a measure of similar-
ity with the original signal. These features can be used to describe meter in
music and in dance. The method allows the comparison and detailed analysis
of periodic patterns in music and dance. Dance movements in particular can be
further studied using a reconstruction method that leads to Becking curves, that
is, the description of the movement of a body part through its basic repetitive
gesture.

The rationale behind the cross-modal method is based on the assumption
of a tight coupling between perception and action, through which the dancer is
somehow able to fully embody the musical meter. Although this embodiment
may be conceived as a kind of resonance, we found that meter in samba dance
is less ambiguous than meter in samba music. Hence the hypothesis that samba
dance may rely on a re-enactment of the perceived samba music. This re-
enactment is based on meter disambiguation, presumably determined by the
biomechanics of the human body. Thus, while samba music and samba dance
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Figure 1.24: Mean energy and standard deviation of periodicities found in all
body parts, all excerpts, across different stimuli. The same songs were performed
by both dancers (see description in Section 1.7.1).

are tightly connected through a metrical structure that is inherent both in music
and dance, this connection is not isomorphic. Instead, it is inuenced by the
proper constraints of the human body and it is likely that these constraints
may contribute to the pleasure and the ultimate experience of the music. The
‘hunger for movement’, which is provoked by samba music, is satisfied largely
by binary repetitions of the human body, in response to poly-metric textures in
music. The cultural context seems to rely on the inherent ambiguity of poly-
metric textures, in order to activate participants to take part in the cultural
act. Enacting, in such cases, allows music understanding. It is a constituent of
the participatory context, and a central element in social interaction.

Acknowledgements

The authors wish to thank Dr. Mauricio Loureiro at UFMG (Brazil) for the
comments upon the first manuscript and the anonymous reviewers for the sug-
gestions. The authors are thankful to the professional dancers Lorena Anastácio
and Vagner Santos for the dance performances.

The research reported in this paper is supported by a grant from Ghent
University (Belgium), and partially support by CAPES (Brazil).



36CHAPTER 1. A CROSS-MODAL HEURISTIC FOR MUSIC AND DANCE

Nose
Right shoulder 

Right hip 
Left
hand

Right
hand

Left knee Right knee 

0.25

Left foot 

0.330.500.671.01.52.03.04.0 0.25

Right foot 

0.33 0.50 0.67 1. 0 1. 5 2. 0 3. 0 4. 0

 )thgnel taeb ni( slevel cirteM )thgnel taeb ni( slevel cirteM

Periodic dance gestures: Dancer 1 

(a)

Nose
Right shoulder

Right hip

Left hand Right hand

Left knee Right knee

Left Foot Right foott

Periodic dance gestures: Dancer 6

0.250.330.500.671.01.52.03.04.0 0.25 0.33 0.50 0.67 1. 0 1. 5 2. 0 3. 0 4. 0
 )thgnel taeb ni( slevel cirteM )thgnel taeb ni( slevel cirteM

(b)

Figure 1.25: (a) and (b) Complete set of metrical gestures in two dances. Met-
rical layers expand from the centre to the extremities of the figure.



References
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