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ABSTRACT

The steelpan is a pitched percussion instrument that al-
though generally known by listeners is typically not in-
cluded in music instrument audio datasets. This means
that it is usually underrepresented when training existing
data-driven deep learning models for fundamental frequency
estimation. Furthermore, the steelpan has complex acous-
tic properties that make fundamental frequency estimation
challenging when using deep learning models for general
fundamental frequency estimation that are trained to work
with any music instrument. Fundamental frequency estima-
tion or pitch detection is a core task in music information
retrieval and it is interesting to explore methods that are
tailored to specific instruments and whether they can out-
perform more general methods. To address this, we present
SASS-E, the Steelpan Analysis Sample Set for Evaluation
that can be used to train steel-pan specific pitch detection
algorithms as well as propose a custom-trained deep learn-
ing model for steelpan fundamental frequency estimation.
This model outperforms general state-of-the-art methods
such as PYIN and CREPE on steelpan audio - even while
having significantly fewer parameters and operating on a
shorter analysis window. This reduces minimum system la-
tency, allowing for deployment to a real-time system that
can be used in live music contexts.
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The pitch of a melodic instrument is a primary character-
istic of a musical sound. Pitch detection, also referred to
as fundamental frequency estimation, is an important task
for audio processing and analysis. General pitch detection
methods, such as PYIN and CREPE, work well in many sit-
uations, but there are many tasks for which custom-tailored
methods may perform better [13], [7]. In these situations,
a dataset of appropriate audio is needed in order to design
a solution.

Performing pitch detection on the Caribbean steelpan is a
situation in which a custom solution can outperform state-
of-the-art methods such as PYIN and CREPE. In this pa-
per we present SASS-E, the Steelpan Audio Sample Set
for Evaluation, and propose Steelpan-Pitch, a deep learn-
ing model for steelpan pitch detection. The architecture for
Steelpan-Pitch is designed to minimize latency so that it can
be implemented in realtime processing for live audio. SASS-
E is open for public use for training and analysis of steel-
pan audio. We evaluate Steelpan-Pitch on the test set from
SASS-E and compare the results with PYIN and CREPE.
The evaluation shows that our instrument-specific solution,
Steelpan-Pitch, outperforms the baseline state-of-the-art so-
lutions. To further show that the Steelpan-Pitch algorithm
generalizes beyond the steelpan data represented in SASS-
E, it is also evaluated on steelpan samples taken from the
commercial sample library Andy Narell Steel Pans produced
by Ilio. We also conduct an experiment to find the bal-
ancing point between minimizing latency and maintaining
accuracy. Although Steelpan-Pitch is designed for pitch de-
tection on steelpans, our methodology can be used as a tem-
plate for developing other custom instrument-specific pitch
detectors. With a suitable training dataset the Steelpan-
Pitch architecture can be adapted to achieve low latency,
and high accuracy pitch detection for other musical instru-
ments.

The paper is structured as follows: Section [2| presents
background information on the steelpan and pitch detec-
tion. Section [3| presents the details of the SASS-E dataset.
Section [ presents the proposed architecture of Steelpan-
Pitch. The experiments and results are discussed in Section
Section [6] concludes the paper.

2. BACKGROUND AND RELATED WORK
2.1 The Steelpan

The steelpan was invented and developed in Trinidad and
Tobago in the 1930’s and 40’s. Its precursors were made
from old frying pans and biscuit tins, but modern versions
are made from 55-gallon oil drums. The family of steel-
pan instruments comprises about six main voice ranges with
many variations within each voice. The tenor steelpan is the
highest voiced instrument consisting of a single pan. Several



Figure 1: A low-C tenor steelpan.

variations of the tenor steelpan exist, but the most common
layout arranges the notes in the circle of fifths as in Fig. [2
This note layout is commonly referred to as the “fourths and
fifths” or spiderweb layout. In North America, tenor steel-
pan’s typcially have a range of C4-E6 while in Trinidad it is
more common for tenor steelpans to have a range of D4-F6.
Other tenor steelpan layouts can have different ranges and
completely different note placements. Bass steelpans are
the lowest voiced instruments in the steelpan family. Dif-
ferent configurations consist of between 6 and 12 pans for a
single instrument. Outside of Trinidad, six bass is the most
common with a range of Bb1-Eb3.

Figure 2: Low C tenor steelpan note layout.

The construction process for steelpans is complex. First,
the bottom of the oil drum is sunk through hammering to
create a bowl. Then the builder hammers upward on the
underside of the bowl to create small convex areas for the
individual notes. An “outline” of each note is scored into
the metal to help acoustically isolate the notes. The pan is
then heat treated and the notes are tuned. The skirt of the
oil barrel is also cut to a suitable length for the instrument
range — about 10 cm for tenor steelpans to nearly the full oil
barrel for bass steelpans. Construction is typically finished
by painting or chroming to prevent rusting .

The acoustics of the steelpan are complex due to several
factors. The notes have flat (or semi-flat) elliptical shapes.
All of the notes of a single steelpan are acoustically coupled

since they share a common vibrating surface. This cou-
pling causes significant acoustic interference between notes.
Striking a note activates nearby notes that are harmonically
related. There is also nonsinusoidal motion in the struck
note. Due to this, the vibrational behavior of the steelpan
is complicated and non-linear , . Tuners typically
tune a vibrational mode of a note to the second harmonic
(an octave above the fundamental). Sometimes a second
vibrational mode can be tuned to the third harmonic (an
octave and a fifth above the fundamental), but, especially
in the high range of the instrument, the higher vibrational
modes will vibrate at unrelated partials [19].

2.2 Pitch Detection Methods

The pitch of an audio signal is a perceptual property that
generally has a strong relationship to its fundamental fre-
quency (Fo). This relationship is so strong that the two
terms are often used interchangeably. As a fundamental
property of a signal, pitch detection has received signif-
icant attention and many different approaches have been
proposed.

There are three main categories of approaches: time-
domain, frequency-domain, and data-driven. Most time-
domain approaches are based on the autocorrelation func-
tion where a signal is correlated with itself at various time
lags . Such methods were implemented in digital hard-
ware as early as 1976 . The average magnitude difference
function was proposed as a variation on autocorrelation that
eliminates multiplication operations by using the absolute
value of the difference between the signal and itself at var-
ious time delays . The YIN algorithm was proposed
as a further refinement of the autocorrelation method that
combines it with various methods of error prevention to im-
prove accuracy . Subsequently, PYIN was developed as
a probabilistic version of YIN that uses multiple pitch can-
didates and a Viterbi-decoded hidden Markov model .
In contrast to the autocorrelation-based methods, SWIPE
compares the input signal’s spectrum with the spectra of
sawtooth waveforms [3|. The Cepstrum approach uses the
cepstrum of a signal (the power spectrum of the logarithm
of the power spectrum) to perform pitch detection . In
2018, CREPE (Convolutional REpresentation for Pitch Es-
timation) was proposed and it was shown that a data-driven
machine learning method could outpeform the more traditi-
nal digital signal processing methods that were previously
used [7].

Historically, most pitch detection methods generate pitch
candidates algorithmically and use heuristics for selecting
the final output. The best performing of this group of
algorithms was PYIN. In 2018, CREPE presented a new
approach to pitch detection by designing a convolutional
neural network that takes a raw audio signal as input and
outputs a fundamental frequency estimation based on how
it was trained. In their landmark paper, Kim et al. show
that CREPE significantly outperforms PYIN and SWIPE
on the RWC-synth and MedlyDB-stem-synth audio datasets
. This confirms that a data-driven approach to pitch de-
tection is a viable method. There have also been prelimi-
nary explorations of applying these techniques to the steel-
pan 7 , . Singh et al. showed that the number
of network parameters of CREPE could be reduced while
simultaneously improving performance by increasing the fil-
ter kernel size and using residual blocks . The CREPE
architecture and variants of it have been re-used in other
audio machine learning contexts and performed well .
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