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ABSTRACT

We describe a realtime system that can listen to perfor-
mances of tabla and identify the strokes as they are played.
The system stores this information along with onset times
in a symbolic score that is used as the basis for resynthe-
sis and transformation. We describe playback and trans-
formation possibilities of this system. Finally, we propose
that such a system can be generalized with very few mod-
ifications to a variety of performance scenarios involving
percussion interaction.

1. BACKGROUND AND MOTIVATION

Tabla is the most widely used percussion instrument in
Indian music, both as an accompanying and solo instru-
ment. Its two component drums are played with the fin-
gers and hands and produce a wide variety of different
timbres, each of which has been named. There are ap-
proximately fifteen acoustically distinct strokes that fall in
three broad categories: 1) resonant, ringing strokes played
on the treble drum, 2) non-resonant, noisy strokes played
on either drum, 3) low, resonant strokes played on the bass
drum. These named strokes form the basic vocabulary of
tabla music and are played in sequence to form typical
phrases. Tabla solo is a centuries-old tradition centered
around extended structured improvisations. The demands
of this format have led to the sophisticated use of timbre
and rhythm as a foreground element. In this music, the
choice of strokes is precise, each one functioning like a
note in a melody; the timbral and rhythmic structures are
equally important and carefully integrated into a singing
line.

To date, little work has been done on percussion timbre
recognition for interactive systems. Most of the work in
this area has been focused on non-realtime scenarios, and
many applications center on areas such as genre classifica-
tion and music recommendation [11, 12]. There were two
primary motivations for creating a realtime system. First,
we wanted to be able to incorporate tabla into the context
of interactive electronic music. Second, we wished to be
able to use the tabla as a musical controller and input de-
vice. Without building a specialized hardware interface
such as Kapur’s ETabla [7], both of these tasks require
identifying tabla strokes and their timing. With this ap-
proach, the system we have developed could be general-
ized to many other percussion instruments with no modi-
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fications other than the creation of new training sets (de-
scribed below in Section 2.2). We also envision that this
realtime stream of information may be useful for a variety
of other applications including automatic accompaniment.

1.1. Related Work

The problem is similar to the instrument or timbre iden-
tification problem that has received considerable attention
from music information retrieval (MIR) researchers in the
past decade [4, 8], in which an isolated tone or passage is
presented to the system for classification. Percussion tran-
scription has specifically been attempted by researchers
such as Gillet and Richard [5], primarily in the context of
drum-loop recognition. The current work directly builds
on the previous work by Chordia on non-realtime tabla
transcription [2].

2. METHOD

2.1. Architecture

Figure 1 shows the block diagram of the system. The sys-
tem is coded in Java as an external for Max/MSP. The
WEKA java package [13] is used for pattern recognition,
and the jAudio package [9] FFT implementation is used
as part of the feature extraction process. A short video
showing the system in action can be found at http://
paragchordia.com/research/tablaGyan/.

The incoming signal is segmented into discrete strokes
by detecting the onsets, and a stroke is considered to be
the waveform captured between onsets. The incoming au-
dio is buffered, and the detection of a new onset causes
the contents of that buffer to be sent to the feature calcu-
lation block. The last stroke is analyzed when the system
determines the phrase to have ended. The buffering and
analysis then halts until a new phrase is initiated by the
performer.

2.2. Feature Calculation

Frequency analysis is performed and a variety of features
are calculated for each stroke. The primary features are
twenty-four MFCCs (not including the Oth), which give a
summary of the spectral shape. Additionally, we calcu-
late spectral centroid, variance, skewness, kurtosis, slope
(linear and logarithmic), and roll-off. The inspiration for
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Figure 1. Block diagram for the Tabla Gyan System

these features comes largely from statistics, where they
are used to describe the shape of probability distributions.
The precise definitions of these and other features can be
found in [6]. A cutoff of 90% of total energy was used
for the spectral roll-off. The decision to use spectral fea-
tures, rather than temporal or other, is due to their estab-
lished success in instrument recognition, and their robust-
ness to segmentation errors. Specifically, previous work
by Chordia [2] showed this feature set to be effective for
tabla stroke classification.

Prior to realtime classification, a model must be trained
on a large set of samples, each of which must be analyzed
as described above. Each sample consists of a soundfile
of one hand-annotated stroke. A large database, consist-
ing of 9,532 of these samples from three tabla performers,
two professional and one amateur, was used to train the
system. The recordings were made at different times us-
ing different drums under widely varying recording condi-
tions. Each soundfile was read, its name parsed to derive
the target, and the features calculated. The parsing was
not simply a one-to-one mapping, due to idiosyncrasies
in naming practices for tabla strokes. Some strokes have
several different names based on where they occur in a
phrase, or to facilitate rapid vocal recitation; some have
different names because they are played in a slightly dif-
ferent manner but share essentially the same timbre; most
problematically, some timbrally different strokes share the
same name, and are normally differentiated based on con-
text. The solution implemented was to create a mapping
based on acoustic rather than nominal categories.

The resulting feature vector and category label was gen-

inter-onset time

erated for each stroke and stored in a feature matrix, which
was used to train the classification model. Depending on
the anticipated performance context, the stroke selection
was varied to train a more finely tuned model. Compared
with a more general classification system, in which there
may be no foreknowledge of the specific characteristics
of the material, a performance context often allows us to
know the performer, performance style, specific choice of
instrument, etc.

2.3. Classification

To build the classifier, we used the WEKA Java pack-
age. A variety of different techniques were tried, includ-
ing multivariate Bayesian models and classification trees,
but we found that the Sequential Minimal Optimization
implementation of a Support Vector Machine classifier gave
slightly better performance [10]. In a ten-fold cross val-
idation evaluation with fifteen different strokes, accuracy
was 84.3%.

Feature vectors extracted from incoming strokes are in-
put to the trained classifier as soon as the feature calcula-
tion is completed. The classifier returns a target category
label, which is then stored in a text file along with the
peak amplitude calculated over the stroke, and the dura-
tion (inter-onset interval). This text file then serves as a
symbolic score.

3. INTERACTION AND PLAYBACK

We created a user interface in Max/MSP, shown in Figure
2, allowing the user to build the classification model or
choose a previously trained model, select a sound source,
select a sound set for the output, and manipulate playback
of the score. The interface also allows a number of param-
eters to the algorithm to be set.

From within the Max/MSP patch, a user can easily
build a new classification model by loading a feature ma-
trix stored in WEKA’s arff format (Attribute-Relation File
Format) [13]. Equivalently, one can load a previously
trained model. This allows for easy customization of the
classification algorithm to specific instruments or perform-
ers.

The system was designed to respond after it heard a
phrase, in a call and response manner. Our working defini-
tion of phrase was a sequence of strokes followed by a si-
lence greater than the average duration plus two times the
standard deviation of the duration. This provided a rea-
sonable balance between responsiveness and false starts.

On the output, the stroke categories could be mapped
to a fewer number of categories. The motivations for this
depend on the context in which the system is being used.
Primarily, it serves to reduce the perceptual inaccuracy of
the system by binning perceptually and timbrally similar
categories. It can also be used flexibly, to map the output
to a variable number of sound types for aesthetic reasons.
These mappings can be switched dynamically.
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Figure 2. User Interface for Tabla Gyan System

A set of sound banks was created for playback; each
stroke target is mapped to a particular sound as described
above. Several similar versions of each sound category
were produced. The resynthesis is accomplished quite
simply, by playing one of the appropriate soundfiles, scaled
by the peak amplitude of that stroke, for the duration of
that stroke. Beyond simple resynthesis, one of our goals
in designing the sound banks was to preserve the timbral
relationships of the tabla while using a new, and poten-
tially very different sounds.

Compared with an audio recording, the system’s abil-
ity to interpret the signal and describe it in symbolic terms
gave us great flexibility during playback. In addition to
remapping the timbres, we were able to easily change the
tempo as well as to make transformations that were con-
ditional on the stroke type. For example, we implemented
conditional repetition, where a certain type of stroke could
be doubled or tripled (i.e. two or three strokes in the space
of one stroke) or generally n-tupled. This proved to be
an interesting way of creating rhythmic patterns that were
variations of the original.

Inspired by the tabla form gaida, a theme and variation
form that is central to solo tabla music, we implemented a
simple variation generator based on similar principles. In
tabla music, phrases are built from sequences of strokes,
that form hierachical units, similar to language where sen-
tences are built from words which are in turn composed
of phonemes. In gaidas, the theme is divided into sub-
phrases that are rearranged, repeated, and omitted to cre-
ate variations. Some initial experiments were done to ex-

tract sub-phrases based on the tactus of the phrase, where
the tactus was determined using a simple algorithm based
on the inter-onset intervals. The sub-phrases were then re-
arranged to form larger phrases for playback. Modeling
of gaida variation is an interesting subject that we hope to
explore further.

4. EVALUATION

We evaluated the system by observing its response to a
variety of tabla compositions, both performed live and
from recordings. We selected compositions spanning dif-
ferent performers, different stroke patterns, and different
tempi. In all cases the compositions were recognizable
even when there were errors, and timbral information sig-
nificantly improved recognizability beyond what was in-
dicated by onset times alone.

One of the challenges of a performance system is that
it must sound good. Relatively high accuracy is no guar-
antee of this. For example, even if we were able to achieve
the non-realtime threshold of 90%, this would mean a typ-
ical phrase of four seconds at moderate tempo would con-
tain between two and four misclassified strokes. If these
were timbrally dissimilar it would significantly alter the
percept of the phrase. In our system, the accuracy rate is
closer to 70-75%, often due to segmentation errors that
led to missing attacks. In the case of percussion, this is
particularly damaging since most discriminative informa-
tion occurs early in the stroke. Most of the errors we ob-
served were due to the most commonly occurring stroke,



a non-resonant stroke called fe, being substituted for the
true stroke. Listening to the original training samples sug-
gested an explanation: when fe is preceded by a resonant
stroke the sound continues to ring through the fe stroke,
which may itself be of low amplitude. This means that the
timbral profile of the fe stroke is very similar to that of a
resonant stroke without its attack portion. Incorporation
of musical context and more accurate detection of onsets
will help to alleviate this problem.

We also did preliminary work on extending the system
to mrdangam, the main South Indian percussion instru-
ment. By substituting our training database with a large
set of labeled mrdangam strokes, we were able to use the
same system without further modification and with sim-
ilar results. In general, this substitution would allow for
interaction with many other percussion instruments.

5. FUTURE WORK

We are currently working on several extensions to the sys-
tem. A more robust approach to beat detection than the
current one is to use the autocorrelation of a detection
function [3]. This approach will also allow us to include
a synchronous interaction mode in addition to call and re-
sponse.

Most rhythm sequences are highly structured with the
current stroke highly dependent on previous strokes. Most
of the mistakes that the current system makes are due to
acoustical ambiguities that could be clarified by an aware-
ness of musical context. One approach to solving this
problem is to use an n-gram model, where the probability
of the current stroke is based not only on the current fea-
ture vector but recent past feature vectors as well [5]. In
addition to improving classification accuracy it would al-
low us to perform variations at a more meaningful phrase
level, since typical phrases would show up as commonly
occurring n-grams.

Finally, we are working to use the symbolic informa-
tion to create notation and analytic scores for tabla mu-
sic based on the **bol representation and notation system
created by Chordia [1].

6. CONCLUSIONS

We have described a system that can segment and label
incoming drum strokes for flexible playback and transfor-
mation in performance situations. Specifically, we tested
this architecture on tabla music, a complex percussion tra-
dition that systematically uses a wide variety of timbres.
Additionally we have implemented several transformations,
such as conditional repetition and gaida-inspired varia-
tion, that depend on such signal understanding. We be-
lieve that the architecture presented will prove broadly
useful for realtime percussion interaction.
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