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Abstract—In this work, we explore the task of musical onset
detection in Carnatic music by choosing five major percussion
instruments : the mridangam, ghatam, kanjira, morsing and
thavil. We explore the musical characteristics of the strokes
for each of the above instruments, motivating the challenge in
designing an onset detection algorithm. We propose a non-model
based algorithm using the minimum-phase group delay for this
task. The music signal is treated as an Amplitude-Frequency
modulated (AM-FM) waveform, and its envelope is extracted using
the Hilbert transform. Minimum phase group delay processing
is then applied to accurately determine the onset locations. The
algorithm is tested on a large dataset with both controlled
and concert recordings (tani avarthanams). The performance is
observed to be the comparable with that of the state-of-the-art
technique employing machine learning algorithms.
Keywords—Onset detection, group delay functions, envelope
detection

I.

I NTRODUCTION

Percussion instruments play an important role in many
genres of world music. In addition to keeping track of rhythm,
they have been developed to produce individual performances
rich in artistic quality. The major percussive accompaniments to
Carnatic (South Indian classical) music include the mridangam,
ghatam, kanjira, morsing and the thavil. The choice between
these instruments is made based on the rapport between the
lead and accompanying artists and nature of the performance
itself. The thavil, for example, is widely found in musical
performances associated with traditional festivals and ceremonies as well as in professional musical concerts. Each of
the instruments may be played along with the lead artist
(usually a vocalist) or individually (tani avarthanam). A study
of these instruments on the lines of Music Information Retrieval
(MIR) will be aimed at first understanding the patterns involved in the performance - beat tracking, stroke classification,
phrase/syllable classification etc. The information obtained can
be further extended to study higher level problems such as tala
classification, sama detection, artist and song recognition and
so on.
We present our work in audio onset detection characterized
as detecting relevant musical events in general, and as identifying the stroke instants in the case of percussive instruments. For
a single note, Bello [1] defines an onset as the instant chosen
to mark the transient, although in most cases it coincides with
the start of the transient. Onset detection can be extended to
polyphonic and ensemble performances too. Numerous basic
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algorithms and advanced improvisations including knowledge
based post-processing have been proposed, but almost all onset
detection algorithms consist of two tasks - extraction of the
detection function, and a peak-picking algorithm. Approaches
based on energy [2] and magnitude [3] report onsets as either
instants of high energy or change in energy [4][5] in the
detection function. Phase based approaches [6] were introduced
to detect soft onsets followed by a combination of both
energy and phase in [7]. Multi resolution analyses with varying
window sizes have been tried to study both higher and lower
frequency components[8]. Linear prediction error has also been
used as a detection function in onset detection [9][10][11].
Recently, the state-of-the-art techniques employ recurrent [12]
and convolutional [13] neural networks for training. Bello [1],
Dixon [14] and Böck [15] analyze the task in detail and
evaluate the major onset detection approaches over the years.
The negative derivative of the phase spectrum, known as
the group delay function, has been successfully used to extract
formants, pitch, and features for speaker and speech recognition
and spectrum estimation. Recently, segmentation of speech into
syllable-like units using group delay functions has been studied
for speech synthesis [16][17].
In this work, we extend the segmentation task to onset
detection. The music waveform is treated as an amplitude and
frequency modulated signal (AM-FM). First, the derivative of
the signal is taken with respect to time which emphasizes
the frequency content. Next, an envelope tracker algorithm
using the Hilbert transform is implemented, which tracks the
amplitude variations. Treating a smoothened version of this
improvised envelope as a time domain signal, minimum phase
group delay processing is applied and a global threshold is used
to report the onsets. It must be mentioned that while group
delay based onset detection algorithms have been attempted
in the past [18][19][20], we have employed the high spectral
resolution property of group delay functions for accurate location of onsets after emphasizing the amplitude and frequency
characteristics. The algorithm is then evaluated on a large
dataset of ≈17, 000 strokes consisting of tani avarthanams as
well as ensemble (multiple instruments in a concert) recordings.
Results are reported instrument wise and compared with a stateof-the-art onset detection technique [13].
The rest of the paper is organized as follows - Section II
provides a brief overview of the instruments considered for
evaluation. Section III describes the envelope detection and
minimum phase group delay processing techniques used in the
proposed algorithm. Sections IV and V discuss the experiments

and future work respectively.
II.

C ARNATIC PERCUSSION INSTRUMENTS - A BRIEF
OVERVIEW

A. Mridangam

plays the right side with fingertips covered with thumb caps.
The thumb caps are mostly made of hardened rice flour and
give rise to sharp, cracking sounds. Variations in pitch are
achieved by tightening the left side of the instrument. Distinct
strokes exist, based on the side of the instrument struck and the
number of fingers involved in production (for the right side).
For instance, Ta and Di involve four fingers, but are still treated
as a single stroke by musicians.

The mridangam is the most widely used percussion accompaniment in Carnatic music. It resembles a two sided drum
with tightly stretched membranes on either side, the two sides
being unequal in size. The instrument is tuned by loading the
smaller side with a black paste of adhesive mixed with finely
ground special stone. In this context, the tonic is defined as the
base pitch, which is used as a reference for all other higher
harmonics. The strokes can be categorized based on the side
of the mridangam being played and the position, manner and
force with which the membranes are struck. However, the exact
number of unique strokes varies across different schools of
mridangam. The two sides allow composite strokes (individual
strokes from the left and right side at the same instant) to be
created, which from an MIR perspective ought to be treated as
a single stroke, although they sometimes appear as separate
strokes while performing the onset detection analysis. The
first study on the mridangam carried out by the renowned
scientist Raman [21] and later by Siddharthan [22] analyzed the
harmonics of the strokes. More recently, Akshay [23] employed
non-negative matrix factorization to classify the strokes.

We discuss the major concepts involved in the proposed
algorithm -

B. Ghatam

A. Amplitude Frequency Modulation

The ghatam is a hollow pot that is placed on the lap of the
artist and struck with the palm and fingers. The instrument
is made of specially burnt clay with metallic powder for
strength and care is taken that the walls of ghatam are of
equal thickness. Distinct ghatam strokes count lesser in number
than mridangam. Tuning of the pitch is possible to a limited
extent by application of play-doh, but mostly multiples ghatams
are chosen to achieve significant variations. Ghatam strokes
produce a characteristic sound when struck on the neck of the
pot. The artist modulates the sound by altering the size of the
mouth during the performance, by partly or fully closing the
area of the mouth with palms.

In the context of communications, a message signal m(t)
is encoded with a high frequency carrier signal s(t) before
transmission. Modulation is performed to reduce transmitter
and receiver antennae sizes, and to multiplex different message
signals. Various modulation schemes exist, and are characterized by the influence of m(t) on s(t). In the case of
amplitude-frequency modulation (AM-FM), both the amplitude
and frequency of the carrier signal are influenced by message
signals m1 (t) and m2 (t). Figure 1(a) presents an example
using sinusoids in place of m1 (t) and m2 (t).

C. Morsing
Known as Jew’s Harp, the morsing is a wind percussion
instrument. It resembles a metallic clamp with a thin film (the
tongue) in between. The instrument is caught by the hand and
placed in the mouth of the artist, the teeth firmly holding it
in place. Sound is produced inside the mouth of the artist by
triggering the tongue of the instrument with the index finger.
The artist’s tongue is also used to produce morsing notes. Pitch
of the intrument cannot be varied significantly and the artists
prefer to carry morsings of different dimensions for the purpose
of fine tuning.
D. Thavil
The thavil is similar to the mridangam in the sense that it
is a two sided barrel, with both sides participating in sound
production. The left side is struck with a stick while the artist

E. Kanjira
The kanjira is a one-sided percussion instrument and is
small enough to be held with one hand. The instrument is
made of belly skin of monitor lizard stretched across a circular
wooden frame made from the jackfruit tree. A high pitched
sound is produced by striking the circular face with the palm
and fingers of the free hand. Unlike the mridangam, the face
of the kanjira is not loaded with any paste. The pitch can be
varied to an extent by applying pressure on the face using the
hand holding the kanjira or by sprinkling water on the kanjira
skin from behind.
III.

P ROPOSED M ETHOD

It is observed that most percussive strokes in Carnatic
music can be modeled by an AM-FM signal, based on the
variations in amplitude and frequency in the vicinity of an
onset. Figure 1 illustrates this resemblance by comparing a
carrier signal modulated using sinusoidal message signals with
individual strokes of mridangam, ghatam, kanjira, morsing
and thavil. In this context, we propose that the messages
m1 (t) and m2 (t) contain information necessary to pinpoint
the location of onsets. A demodulation technique is necessary
to extract this information before proceeding to locate the
onsets.

B. Demodulation and Envelope Detection
Consider a signal x(t) that is amplitude-frequency modulated. The basic representation is given as:
Z
x(t) = m1 (t)cos(ωc t + kf m2 (t)dt)
(1)

(a) An AM-FM waveform

(b) Kanjira

(c) Ghatam
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Fig. 1: Resemblance of Carnatic percussion strokes (with ground truth marked) to an Amplitude-Frequency modulated waveform
m1 (t), m2 (t) represent the message signals, kf is the frequency
modulation constant and ωc is the carrier frequency. Differentiating x(t) with respect to time,
Z
0
x (t) ≈ −e(t)sin(ωc t + kf m2 (t)dt)
(2)
where
e(t) = m1 (t)(ωc + kf m2 (t))
(3)
R
The term m01 (t)cos(ωc t + kf m2 (t)dt) has been ignored in
(2) since ωc can be assumed large. Both the message signals
are now part of the amplitude in (2). We postulate that all the
information about an onset is contained within the envelope
function e(t). e(t) is extracted from x0 (t) using the Hilbert
transform as follows:
Any real-valued signal S(t) with Fourier transform S(w)
can be represented by its analytic version (as introduced by
Gabor in 1946 [24]) and is given by
Z ∞
Sa (t) = 2
S(w)exp(j2πwt)dw
(4)
0

As seen, it is the inverse Fourier transform of the positive
frequency part alone. In terms of input signal S(t),
Sa (t) = S(t) + iSH (t)

(5)

where, SH (t) is the Hilbert Transform of S(t). The real part of
this analytic signal represents the actual signal and imaginary
part is its Hilbert Transform. The magnitude of the analytic
signal gives an estimate of the envelope.
C. Minimum phase group delay processing
Let x[n] be a discrete-time signal, whose continuous phase
spectrum is given by θ(ω). The group delay function τ (ω) is
defined as
d(θ(ω))
(6)
τ (ω) = −
dω
In general, the phase is wrapped at multiples of 2π, and hence
it becomes difficult to infer meaningful information directly

from the phase spectrum. An alternate form for computation
from the magnitude spectrum exists:
τ (ω) =

XR (ω)YR (ω) + XI (ω)YI (ω)
|X(ω)|2

(7)

where the subscripts R and I represent real and imaginary
parts of the Fourier spectrum respectively. X(ω) and Y (ω)
denote the discrete time Fourier transforms of x[n] and nx[n]
respectively.
For a cascade of resonators, the group delay function
exhibits high spectral resolution due to the additive property
of phase - Figure 2 illustrates this phenomenon by considering
two minimum phase systems, complex conjugate poles at (i)
(0.8ej0.1π ,0.8ej0.3π ) and (ii) (0.8ej0.1π ,0.8ej0.5π ). The peaks
are not resolved in the case of the magnitude spectrum for
system (i). Moreover, the peak locations do not coincide exactly
with the poles in both the systems, while the ability of group
delay function to clearly differentiate between the poles is
visible.
It was also shown that for minimum phase signals, the
group delay function and the magnitude spectrum resemble
each other [25]. This property, alongwith the high spectral
resolution has since been used in group delay based feature
extraction [26], [27], [28]
Zeroes outside the unit circle appear as peaks in the group
delay domain. This makes it difficult to differentiate from poles
inside the unit circle, which exhibit the same phenomenon
in the group delay domain. This results in a drawback of
group delay functions for representing non-minimum phase
signals. As practical signals are rarely minimum phase, and
zeroes in the vicinity of the unit circle are common, the
group delay function as it is cannot be applied for estimation
or segmentation analysis. Nagarajan [29] showed that it is
possible to derive the minimum-phase equivalent from a
non-minimum phase signal using the root cepstrum method.
The causal portion of the inverse Fourier transform of the
squared magnitude spectrum (in fact, to any power γ) was
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Fig. 2: Resolving power of the group delay function (Top) Pole-Zero plots for two minimum phase systems. (Center) Corresponding
magnitude spectra with the resonant frequencies marked (Bottom) Group delay spectra.
proved to be minimum-phase. This property has since been
exploited for segmentation of speech into syllables [30], [31],
[32].
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A brief overview of the algorithm is presented :
Onset Detection Algorithm
Differentiate the music signal s(t) to obtain s0 (t).
Compute the analytic signal s0a (t) = s0 (t) + s0H (t).
Obtain the envelope e(t) = |s0a (t)|.
4: Compute x(t) = F −1 (e(t) + e(−t)). x(t) is necessarily
minimum phase.
5: Compute detection function d(t) = Group delay of x(t)
using (6).
1:
2:
3:

Figure 3 illustrates the various stages of the algorithm
using a mridangam clip with both loud and silent strokes.
Differentiating the music signal emphasizes the location of all
onsets considerably as shown in Fig. 3(b) when compared to
the original music signal as shown in Fig. 3(a). The envelope
function is estimated on 3(b) using Hilbert transform and downsampled. Treating 3(c) as the positive half of the magnitude
spectrum of a hypothetical signal, the minimum-phase group
delay equivalent is computed in 3(d). It is interesting to note
that in the final step, the group delay function aprroximates
all strokes to an equal amplitude irrespective of their original
amplitude values. Onsets are reported on the group delay
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Fig. 3: Working of proposed algorithm - (a) Music signal (b)
Derivative of music signal c) Envelope estimated using Hilbert
transform (d) Minimum phase group delay computed on the
envelope.

function as instants of significant rise using a threshold1 .
1 More

examples can be found at www.iitm.ac.in/donlab/music/mridangam

IV.

E XPERIMENTATION

Since there exist no annotated datasets for the instruments
considered, we have created one in the course of this work. The
experiments have been performed on this dataset of annotated
onsets, consisting of 17, 592 strokes from mridangam, ghatam,
kanjira, morsing, thavil and an ensemble of all instruments except thavil. The recordings were taken from tani avarthanams
(solo) of Carnatic concerts. The mridangam recordings are
split into musically relevant ’phrases’ by professional musicians
while all other instruments are split into segments of 20s each.
The entire dataset is sampled at 44.1KHz and the combined
duration of the 277 clips is ≈ 42 minutes. Instrument-wise
details of the dataset are provided in Table I.
Instrument
Mridangam
Ghatam
Kanjira
Morsing
Thavil
Ensemble

Total length (min:sec)
18:41
4:14
3:11
6:35
4:39
5:00

Strokes
5982
2616
1377
2184
2904
2529

minutes of monophonic and polyphonic instrumental recordings are used for training the network. The output activation
function is smoothened and a local threshold is used to detect
onsets.
By varying the thresholds in the proposed algorithm as well
as in [13], we report the optimum results.
A. Results
Both onset detection algorithms report fairly good Fmeasures on all instruments, as expected of percussion instruments. It is interesting to note from Table II that the proposed
algorithm stands out in performance for the mridangam dataset,
in spite of considerable variations in tempo and loudness. The
lower recall for the proposed algorithm on all other instruments
can be attributed to the faster tempo in comparison to the
mridangam, suggesting even better temporal resolution might
be necessary. Both algorithms report significantly lower recall
on kanjira and thavil, which have a relatively high occurrence of
composite strokes. Finally, morsing strokes lack a sharp onset,
and this is directly reflected in the decrease in F-measures.

TABLE I: Instrument wise details
V.
An onset is treated as correct (True Positive) if it is reported
within a threshold (±50ms) of the ground truth. The tolerance
is introduced to account for errors in manual annotation. A
False Positive does not fall within the threshold of any of the
time instants in the ground truth whereas a False Negative is
a missed onset. The following metrics are used to evaluate the
algorithm :
P recision(P ) =
Recall(R) =

NT P
NT P + NF P

NF N
NT P + NF P

(8)
(9)

PR
(10)
P +R
where NT P , NF P and NF N represent the number of true
positives, false positives and false negatives respectively. Previous evaluations of onset detection algorithms [33][15] have
merged closely spaced onsets (most commonly, within 30ms)
and treated them as one, based on pyscho-acoustical studies of
human perception of onsets[34]. In such cases, the arithmetic
mean of consecutive onsets was taken and replaced the multiple
onsets. We do not perform the above step since it becomes
impossible to differentiate between simple and composite 2
strokes, the latter being quite common in mridangam, kanjira
and thavil. Further, we have not considered the case of multiple
onset outputs within the threshold of a target and a single onset
output within the threshold of multiple targets. They are treated
as false positives and false negatives respectively.
F -measure =

Comparison is made with a state-of-the-art algorithm [13]
based on convolutional neural networks (CNNs). The network
is trained with 80-band Mel filter banks scaled logarithmically
in magnitude from spectrograms of multiple resolutions. 102
2 Composite refers to both left-right strokes occurring together in mridangam,
and strokes which involve multiple fingers in case of kanjira and morsing

C ONCLUSION

In this paper, we begin our investigation of five major
Carnatic percussion accompaniments with the task of onset detection. We propose a purely signal processing based approach
using the segmentation property of group delay functions,
that is comparable in performance with the state-of-the-art
technique. We have also created a fairly large annotated dataset
for onset detection consisting of only Carnatic instruments in
the process of this work. In the future, we plan to improve the
proposed algorithm by replacing the envelope function with
existing detection functions. We also plan to take up the task
of stroke and pattern classification, which are well defined for
all the instruments considered except morsing. We intend to use
the onset detector as a pre-processing tool to segment concert
recordings, in order to train isolated stroke models.
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