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ABSTRACT

This paper describes and releases the Brazilian Rhythmic Instruments Dataset, assembled for research
in Music Information Retrieval. It is comprised of 274 solo- and 93 multiple-instrument recorded tracks
of 10 different instrument classes with variations (e.g., material, size, stick) playing in 5 main rhythm
classes (samba, partido alto, samba-enredo, capoeira, and marcha). We describe the dataset recording
process and content, and a few examples of challenges it launches for computational rhythm analysis.

0 INTRODUCTION and beat tracking, chord recognition and music struc-
ture analysis [1]. These corpora are composed of ei-
ther synthetic or real audio items, which in turn might
have been either recorded for research purposes or sam-

Within the Music Information Retrieval (MIR)
community, there are several music audio databases
available for tasks such as genre classification, tempo
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pled from commercial recordings [2]. Most available
databases are composed of Western music, thus a large
portion of MIR research is focused on music genres
such as pop, rock, jazz or classical. Care must be taken
when applying the methods developed for this kind of
music to non-Western music collections [3, 4]. Fur-
thermore, when present, non-Western music is gener-
ally clustered into large heterogeneous labels such as
“World” or “Latin”. For instance, in the Ballroom
Dataset [5], we verified that 14 out of the 86 excerpts
labeled as samba could actually be considered as from
Brazilian roots. Only half of those 14 excerpts repre-
sent samba sub-genres (e.g., bossa nova, pagode etc.),
while the other half could actually be classified as axé, a
totally different Brazilian rhythm. With a similar trend
spotted in the Extended Ballroom Dataset [6], it is clear
that the dancer’s “ballroom samba” is very different
from Brazilian samba, which has to be taken into con-
sideration for computational musicology research.

In this paper we present a novel dataset of recorded
Brazilian rhythmic instruments. The Brazilian Rhyth-
mic Instruments Dataset (BRID) is copyright-free and
contains short solo- and multiple-instrument tracks in
different Brazilian rhythmic styles. As a form of ex-
emplifying the need for (and importance of) such a re-
source, this work includes a selected group of exper-
iments on beat and downbeat tracking, rhythmic pat-
tern recognition, and microtiming analysis performed
on samba samples from the BRID. Besides illustrat-
ing the richness of musicological content embedded in
such material, as a by-product the examples highlight
how some specificities of Brazilian rhythms may mis-
lead state-of-the-art methods for computational analy-
sis originally tailored for traditional Western music, and
thus call for the development of more robust MIR tools.

The paper is organized as follows. In Section 1,
we describe the process of recording the dataset as well
as the instruments and rhythms selected to be part of it.
Section 2 illustrates how the dataset can be used in MIR
research through a set of experiments on computational
rhythmic analysis. The last section draws concluding
remarks and suggestions for future work.

1 DATASET

The BRID was originally developed in the context
of sound source separation [7], but its applicability can
be extended to other areas, computational rhythm anal-
ysis in particular. The dataset contains 367 short tracks
of around 30 s on average, totaling 2 hrs 57min. The
tracks consist of recordings of solo or multiple instru-
ments, playing characteristic Brazilian rhythms.

1.1 Instruments and Rhythms

The recorded instruments were selected among the
most representative ones in Brazilian music, more
specifically in samba music. Ten different instrument
classes were chosen: agogd, caixa (snare drum), cuica,
pandeiro (frame drum), reco-reco, repique, shaker,
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Table 1: Tempi/number of solo tracks per rhythm.

Rhythm Tempo (bpm)  # Tracks
Samba (SA) 80 54
Partido alto (PA) 100 55
Samba-enredo (SE) 130 60
Marcha (MA) 120 27
Capoeira (CA) 65 12
Samba - virada (VSA) 75 or 80 3
Partido alto - virada (VPA) 75 or 100 36
Samba-enredo - virada (VSE) 130 17
Marcha - virada (VMA) 120 8
Other (OT) - 2

Table 2: Number of multi-instrument tracks per rhythm.

Rhythm # Tracks
Samba (SA) 41
Partido alto (PA) 28
Samba-enredo (SE) 21
Marcha (MA) 3

Capoeira (CA) -

surdo, tamborim and tantd. To provide a variety of
sounds, both membranophones and idiophones were
featured. Also, whenever possible, instruments were
varied in shape, size, material (e.g., leather or synthetic
drumhead), pitch/tuning (e.g., in a samba school," sur-
dos are usually tuned in three different pitch ranges) and
in the way they were struck (e.g., with the hand, or with
a wooden or a plastic stick), spanning a total of 32 vari-
ations. For example, the dataset features two caixa vari-
ations (12” in diameter with either 4 or 6 snare wires),
Six pandeiro variations (either 10”, 117 or 12” in diam-
eter with a leather or nylon drumhead) and three tam-
borim variations (one with a leather head struck with a
wooden stick, and another one with a nylon head struck
with either a wooden or a plastic stick?). Figure 1 shows
the instrument classes considered.

The recordings present instruments played in differ-
ent Brazilian rhythmic styles. Although samba and two
sub-genres (samba-enredo and partido alto) have been
favored, BRID also features marcha, capoeira, and a
few tracks of baido and maxixe styles. The number of
tracks per rhythm is summarized in Tables | and 2.

All featured rhythms are in duple meter. Samba is
specially known for this type of bar division and for the
accentuation of the second beat [8]. Only combinations
of instruments and rhythms that are traditionally seen in
Brazilian music were considered, to provide a faithful
representation of each rhythm.

1.2 Dataset Recording

All the recordings were made in a professional
recording studio in Manaus, Brazil, between October

I'A popular association for the practice of samba. Samba schools
are usually strongly connected to a specific community, where their
social events take place and to whom they provide several social ser-
vices. The climactic event for samba schools is the annual carnival
parade, when imbued with communal effort they compete for the title.

2 A leather-head tamborim is not played with a plastic drum stick.
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Do\ .

(b) Caixa (CX)

(f) Repique (RP)

(g) Shaker (SK)

(c) Cuica (CU)

(h) Surdo (SU)
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(d) Pandeiro (PD) (e) Reco-reco (RR)

(i) Tamborim (TB)

() Tanta (TT)

Figure 1: Instrument classes.

and December of 2015. The recording room has rectan-
gular shape with dimensions of 4.3 m X 3.4m x 2.3 m
and is acoustically treated with a combination of wood
and acoustic foam.

Both microphone model and positioning were opti-
mized to translate the sound of each instrument as nat-
urally as possible in the recording, considering the in-
strument size and the room acoustics. Most instruments
were recorded with dynamic microphones within a dis-
tance of around 20 cm. The digital files were recorded
with a sampling rate of 44.1 kHz and 16-bit resolution.

There are two groups of tracks in the dataset. The
first one consists of instruments recorded solo, with
the musicians performing in various Brazilian styles
following a metronome track. Three musicians were
recorded separately, each playing around 90 different
instrument-rhythm combinations. For each instrument
class, there is at least one track that consists of a virada
of one of the main rhythms.® These are free improvi-
sation patterns (still subject to the metronome track),
which are very common in rodas de samba.* 1t is worth
mentioning that the musicians brought their own instru-
ments for the recording sessions. Although the general
characteristics of each instrument are the same, e.g.,
size and type of material, subtle differences in construc-
tion bring additional timbre variability to the dataset.

The second set of tracks of the dataset gathers group
performances, with the musicians playing together dif-
ferent rhythmic styles without a metronome reference.
The instruments were individually captured with di-
rectional microphones, which were strategically posi-
tioned to minimize sound bleed, and two condenser mi-
crophones in omni polar pattern captured the overall
sound in the room. The performances were designed

3Except for shaker tracks.

4A small and informal gathering to play and dance to samba mu-
sic. It is a communal practice highly characterized by improvisation
where musicians and dancers interact and learn with one another.

to emulate typical arrangements of each style. Follow-
ing this procedure, 19 recordings were made with four
musicians, 29 with three musicians, and 45 with two
musicians playing at a time.

1.3 Track Labeling

Each audio track is given a unique filename, which
starts with a four-digit number between brackets—a
global identification number [GID#], sequential for
the entire dataset.

In solo track (S) filenames, the GID# is followed
by four groups of characters, whose format is ei-
ther SW—XXX-YY—-ZZ or SW—XXX-YY-VZZ, where W
is the number for the musician playing in the track,
XXX specifies the instrument class and variation being
played, YY consists of a counter for tracks with the
same pair musician—instrument, and ZZ (or VZZ) in-
dicates the rhythmic style (or a virada for that style).

For acoustic mixture tracks (M), the GID# is fol-
lowed by three groups of characters, whose format is ei-
ther MW-YY—-77 or MW-YY-VZZ. Here, W indicates the
number of instruments recorded in the track, YY is the
counter for a given MX prefix, and ZZ (or VZZ) means
the same as in the case of solo tracks. The unique iden-
tifier for each instrument class and for each rhythm can
be found in Figure 1, and in Tables 1 and 2, respectively.

Two samples from the dataset: file [0192]
S2-PD3-01-SA.wav contains a solo recording of a
pandeiro (variation 3: 117; leather head) being played
by musician #2 in a samba style; and file [0010]
M4-10-SE.wav is a samba-enredo track performed
by four musicians.

2 EXPERIMENTS

Some experiments on computational analysis of
musical rhythm are discussed in this section in order
to show the usefulness of the dataset. First, beat and
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downbeat tracking tasks are addressed using a repre-
sentative set of selected audio files exhibiting different
characteristics. The experiments show some challenges
inherent in samba music that arise when tackling these
tasks. Secondly, based on the beat and downbeat anno-
tations, a methodology is applied to study the different
rhythmic patterns present in a given audio recording.

2.1 Beat and Downbeat Tracking

Musical rhythm involves patterns of organized du-
rations that are phenomenally present in the auditory
stream [9], i.e., they form the music stimulus itself. Ac-
cording to modern music theory, the metrical structure
can be regarded as a regular pattern of points in time, hi-
erarchically organized into levels [10]. However, these
points do not necessarily correspond to the actual events
present in the musical piece. The metrical structure is
inferred by the listener. The beats specifically refer to
the pulsation of the perceptually most salient metrical
level (usually the one a person would tap or clap along
with the music), which are then further grouped into
bars. The first beat of each bar is called the downbeat.

Automatic beat and downbeat tracking have re-
ceived considerable attention in MIR in recent years, as
they provide key information for several applications
such as automatic music transcription [11], structural
segmentation [12], computational musicology [13] or
measuring of rhythm similarity [14]. Particularly, the
introduction of deep neural networks meant a major im-
provement in the accuracy of beat and downbeat track-
ing systems [15, 16, 17], becoming the state of the art.
Such approaches usually consist of a first stage of high-
level feature extraction with neural networks, whose
outcome is an activation function that indicates the most
likely candidates for beats and/or downbeats. This is
often followed by a post-processing stage that corre-
sponds to a dynamic model such as Hidden Markov
Models, Dynamic Bayesian Networks (DBNs) or Con-
ditional Random Fields [18, 19, 20]. This temporal
models are commonly constrained in order to account
for high level information such as common or impossi-
ble sequences of events, and to use that information to
infer the metrical structure of the musical piece.

Three state-of-the-art systems for beat and down-
beat tracking are adopted in this work, namely
MMBI14 [16], JB16 [18], and K16 [17], which are
briefly described in the following. We use the imple-
mentations available in the madmom package.’® Bock
et al. [16], proposed a system for beat tracking that uses
multiple recurrent neural networks which are special-
ized in certain music styles. Each recurrent network
consist of a concatenation of three Bi-Directional Long-
Short Term Memory (Bi-LSTMs) hidden layers with
25 units per layer. The system chooses the most ap-
propriate beat activation function for the given input

SMadmom package version 0.16 [21].
%Note that only JB16 tracks both beats and downbeats, while
MMB 14 performs beat tracking, and K16 does downbeat tracking.
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Table 3: Selected solos.

Filename Instrument
[0218] S2-TB3-01-SE Tamborim
[0229] S2-CX2-02-PA  Caixa
[0258] S2-SK2-02-PA  Shaker
[0280] S2-SU2-05-SE  Surdo

Table 4: Selected mixtures.

Instruments

Cuica, caixa, tamborim, surdo
Caixa, tamborim, tantd
Caixa, surdo, surdo

Tanta, surdo

Filename
[0013]
[0039]
[0047]
[0051]

M4-13-SE
M3-20-SE
M3-28-SE
M2-03-SA

signal by comparing the respective activation functions
with a reference network trained in all music styles.
Finally, tempo and beat phase are determined using a
DBN. Then, Bock et al. [18], presented a system that
jointly tracks beats and downbeats using Bi-LSTMs.
The authors used three different magnitude spectro-
grams and their first order difference as input represen-
tations, in order to help the networks capture features
precisely in both time and frequency. These represen-
tations were fed into a cascade of three fully-connected
Bi-LSTMs, obtaining activation functions for beat and
downbeat as output. Subsequently, a highly constrained
DBN was used for inferring the metrical structure. In
turn, Krebs et al. [17] proposed a downbeat tracking
system that uses two beat-synchronous features, rep-
resenting the percussive and harmonic content of the
audio signal. These representations, based in spectral
flux and chroma, are then fed into two independent Bi-
Directional Gated Recurrent Units, whose output is av-
eraged to obtain the downbeat likelihood. The inference
over downbeat candidates relies on a constrained DBN.

A set of 8 audio files, representative of the con-
tent of the dataset, was selected for the experiments.
It comprises 4 solos and 4 mixtures, involving different
rhythms (samba, samba-enredo and partido alto) and
different instruments, as shown in Tables 3 and 4.

We report the F-measure’ score (F), a commonly
used metric that is computed from correctly detected
beats (or downbeats) within a window of 70 ms by:

_ 2PR
~ P+R’

where P (Precision) denotes the ratio between correctly
detected beats and all detected beats, and R (Recall) de-
notes the ratio between correctly detected beats and the
total number of annotated beats.

2.1.1 Analysis of the selected solos

Many instruments, such as tamborim or shaker,
have a rhythmic pattern that repeats itself within each
beat (see Figure 2). Hence, it is very difficult (even for
an expert) to establish the location of downbeats from a

"Considering that the evaluation of beat tracking algorithms was
not the focus of this paper, other evaluation metrics were not used.
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Figure 2: Beat tracking for the selected solo track examples. From top to bottom: tamborim, caixa, shaker and
surdo. The waveform plots show two bars of the rhythmic patterns, with vertical lines indicating annotated beats.
The estimated beats are depicted with markers. Rhythmic patterns are schematically represented in music notation.
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solo track without any further references. For this rea-
son, only beat tracking is tackled in this section.

The beat positions for each solo track are estimated
using the MMB 14 [16] and JB16 [18] algorithms. The
obtained results are presented in Table 5. A two-bar
length excerpt of each audio file is shown in Figure 2,
which depicts the annotated beat positions and the beat
estimations for each algorithm. The annotations also
indicate beat number in a 2/4 meter (i.e. 1 and 2). The
rhythmic patterns in music notation are also provided.

The performance of both algorithms is very simi-
lar: they miss the phase of the beat in two of the files
(0218 and 0229) and correctly track the other two (0258
and 0280). A detailed inspection of Figure 2 makes it
clear that the troublesome rhythmic patterns, i.e. those
of the tamborim and caixa, have strong phenomenolog-
ical accents displaced with respect to the metric struc-
ture. Conversely, the pattern of the shaker accentuates
every beat. In the case of the surdo, there are actually
several different rhythmic patterns played, but most of
the time the second beat of the bar is strongly artic-
ulated. This distinctive trait of samba rhythm, while
advantageous for beat tracking, proved to be very chal-
lenging for downbeat estimation, as shown next.

2.1.2 Analysis of the selected mixtures

As for the mixtures, both beats and downbeats are
tracked. The beats are estimated using the MMB 14 [16]
and JB16 [18], while the downbeats are estimated with
K16 [17] and JB16 [18]. Since all the mixtures are in
2/4, we set the search-space of the DBN for downbeat
tracking to bar lengths of 2 and 4 beats, both yielding
the same results. Tables 6 and 7 show the beat and
downbeat tracking results, respectively.

Whereas beat tracking in the mixtures is not prob-
lematic (except for file 0051, in which half of the esti-
mates are out of phase probably due to the anacrusis at
the beginning), downbeat tracking is very challenging.
Both algorithms fail to correctly track the downbeats
for all the recordings. The downbeat estimates tend to
follow the second beat, suggesting that the surdo is mis-
leading the algorithms, as shown in Figure 3.

2.2 Pattern Extraction and Microtiming

In this experiment, we combine the knowledge of
beat and downbeat locations (automatically annotated
and manually corrected) with an onset detection func-
tion [22] in order to study the rhythmic patterns present
in a given audio track, following the approach presented
by Rocamora et al. in [23]. Assuming that in samba the
lowest pulsation level can usually be found at the 16th-
note level, from downbeat locations we can estimate an
isochronous grid at this metrical level. The peaks of
the onset function which are closer to each point in this
assembled grid are considered to have been planned at
those metrical positions. Deviations, which character-
ize microtiming expression, can be thought as a result
of both physical/technical limitations and of implicit
stylistic/personal requirements (“swing”).
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Table 5: Beat F-measure scores for solos.

Model \ Track 0218 0229 0258 0280
MMB14 [16] 0.00 0.00 1.00 0.96
JB16 [18] 0.00 0.00 1.00 1.00
Table 6: Beat F-measure scores for mixtures.
Model \ Track 0013 0039 0047 0051
MMB14 [16] 099 0.98 0.98 0.56
JB16 [18] 1.00 1.00 1.00 040

Table 7: Downbeat F-measure scores for mixtures.

Model \ Track 0013 0039 0047 0051
K16 [17] 0.00 0.00 0.00 0.00
JB16 [18] 0.00 0.00 0.00 0.00

The algorithm is as follows. Firstly, the spectral
flux is computed from the Short-Time Fourier Trans-
form of the signal (in the MEL scale), for 40-ms win-
dows with hop size of 2 ms. This onset function is then
normalized by the 8-norm in a sliding window of length
equal to half of the average bar length (estimated from
beat/downbeat data). Finally, the normalized onset
function is time-quantized considering an isochronous
grid anchored at downbeat pulses. The maximum value
in a 100 ms window centered at each frame of the
isochronous grid is taken as a feature value, yielding
an 8-dimension feature vector per bar. Vectors from
adjacent bars can be grouped as to form larger rhyth-
mic patterns—here called cycles (e.g., a 16-dimension
vector for 2-bar patterns). In each feature vector, ar-
ticulated grid instants are represented by a high value
(close to 1.0) at the corresponding dimension. The fea-
ture vectors are clustered by an unsupervised clustering
algorithm, e.g., K-means, to aid in the analysis of the
different kinds of patterns present in the recording—
cluster centroids act as templates for the patterns. The
feature vectors can then be displayed as rows of a cycle-
length feature map [23], in which the darker the value of
a cell, the higher its value in the respective dimension.
One such map can be seen in Figure 4 for an agogd
recording in samba-enredo rhythm (file 0251). In this
map, there are two different 2-bar length patterns that
can be readily identified and that agree with the analy-
sis of the recording by an expert musician. It is possible
to see that, in the case of samba music, strong pulses are
not always found at the start of a bar. In fact, for each
rhythmic cycle (feature vector) in this example, the sec-
ond beat of both bars, the first beat of the second bar and
the last “tatum”™® are the ones competing for the role of
strongest pulse.

Microtiming properties can also be studied by ana-
lyzing, for example, deviations of the articulated notes
from their expected positions in the isochronous grid
at each cycle. Figure 5 shows the calculated deviations
(in percentages, relative to the average tatum period) for
each point in the isochronous grid for the two patterns

8In the MIR community, the tatum is usually defined as the lowest
level of the metrical hierarchy.
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Figure 3: Downbeat tracking for one of the selected mixture track examples. The waveform plot shows two bars,
with vertical lines indicating the annotated downbeats. The estimated downbeats are indicated by markers. The
music notation shows the surdo onsets at the second beat of each bar, which is troublesome for downbeat detection.
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Figure 4: Feature map for the agogd recording. Two
patterns (blue and red, transcribed as lines 1 and 2
above, respectively) are evident from this feature map.

found in the agogd recording. As downbeats determine
the grid, no deviation is shown at these points. On av-
erage, the second beat of the first bar falls on the grid,
whereas at the second bar it is slightly delayed. This is
probably due to the patterns themselves, in which the
musician has to strike two or three notes in rapid suc-
cession. All other points in the metrical grid are contin-
uously played ahead of time, with the third tatum of the
first bar showing the highest deviation (almost 23 ms
ahead of position at a tempo of 130 bpm). Gouyon re-
ported a similar tendency to play ahead of the quantized
grid in samba de roda recordings in [24].

3 CONCLUSION

As computational musicology advances, research
efforts must be made to encompass musical traditions
other than Western in its models, in order to transform
it into a truly multicultural field. We have described
here the Brazilian Rhythmic Instruments Dataset, a
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Figure 5: Deviations from the isochronous grid in the
agogo recording. The different patterns are identified
following the color convention of Figure 4.

copyright-free dataset for research within the MIR com-
munity. Our experiments have shown that state-of-the-
art beat/downbeat tracking algorithms do not perform
well when facing specificities of samba music. This in-
dicates the need for better conditioning of such models,
which is left as future work. The dataset also provides
interesting paths in the modeling of microtiming prop-
erties for samba and its sub-genres. It could also be
used in the task of tempo estimation, although state-
of-the-art algorithms would probably not find it to be
much of a challenge due to the lack of tempo variations.
At the time of writing, annotations of beat, downbeat,
and type of articulation are being produced. The dataset
contents are available at www.smt.ufrj.br/~starel.
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