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Abstract
The underrepresentation of non-Western musical tra-
ditions in open-source datasets poses a persistent chal-
lenge for computational psychoacoustic analysis, par-
ticularly due to insufficient sample sizes, often the
case in these collections. This study examines the
automatic timbre characterization of non-Western per-
cussion instruments under conditions of small sample
size employing the Colombian Alegre drum as a case
study. Three playing techniques (Abierto, Bajo, and
Quemado) were analyzed. Recordings were obtained
in an anechoic chamber using an artificial head system.
Frequency spectra as well as temporal and spectral
descriptors relevant to the perception of percussive
sounds were extracted. To address the limited dataset
size (N = 17), bootstrapping and Hedges’ g were
applied to generate 95% confidence intervals and as-
sess effect sizes, respectively. Descriptors with the
smallest differences in effect size among techniques
were disregarded to maximize technique differentia-
tion. The resulting perceptual profiles per technique
are summarized in radar charts, displaying a multidi-
mensional timbre assessment. These findings suggest
that reliable computational timbral characterization is
achievable with small datasets, supporting automatic
data labeling pipelines for the digital preservation of
non-Western musical heritage.

Keywords: non-Western percussion, data science, musi-
cal heritage, computational musicology

1. Introduction
The increasing use of generative artificial intelligence
has brought to the forefront the need for annotated
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datasets of musical instruments and recordings. How-
ever, many open-source datasets such as [1] and [2]
include only Western instruments and genres, which
may cause models to underperform outside this musi-
cal tradition.
Developing more datasets is the obvious solution, yet
high-quality recordings require conditions and equip-
ment that are not always available, often resulting in
compromised or small datasets. This study addresses
the latter case by developing a data pipeline for the
timbre characterization of percussive musical instru-
ments under conditions of small sample size, aiming to
characterize different playing techniques and evaluate
the effectiveness of the chosen descriptors in discrimi-
nating among them. In Colombian traditional music,
limitations related to the lack of datasets have been
documented in several ML-based classification initia-
tives ([3]–[5]), therefore, the Colombian Alegre drum
is analyzed as a proof of concept. This percussion
instrument is a single-headed conical membranophone
with a goatskin membrane, central to several rhythms
on the Caribbean coast of Colombia [6]. Three playing
techniques are characterized: Abierto, a mid pitched
open tone produced by striking the membrane edge
with a flat hand; Bajo, a deep bass tone obtained
when hitting the membrane off-center with the palm;
and Quemado, a short sound produced by striking
between center and edge with a cupped hand. The fol-
lowing sections describe the procedure applied, present
the results and discuss their implications regarding
automatic timbre characterization.

2. Method
To computationally describe the sound characteris-
tics of the three techniques previously portrayed, a
dataset composed by timbral descriptors extracted
from recordings performed under controlled condi-
tions was evaluated. For this purpose, a three-step
procedure was followed: first, the spectral contours
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of each technique were compared; second, five tem-
poral and spectral descriptors were extracted from
each sample; and third, bootstrapping and Hedges’
g were applied to increase the statistical reliability
of the results. Finally, the resulting timbre profiles
were visualized through radar charts. Each step is
described below.

2.1. Spectral contour analysis
Samples from each technique were recorded in the
anechoic room of the musical acoustics laboratory at
the Institute for Systematic Musicology at the Uni-
versity of Hamburg using an artificial head HSU III.2
and the acoustic measurements system SQuadriga III.
A Colombian percussionist was commissioned to per-
form single shots from each technique. From these
recordings, a dataset with N = 17 sounds (Quemado:
6, Bajo: 6, Abierto: 5) was extracted. Over these
samples two analyses were carried out. First, the
spectral contours from the first 200 ms of each sample
were analyzed via Short-Time Fourier Transformation
(STFT) with a window length of 42.6 ms and a hop
length of 10,6 ms at a sample rate of 48 kHz. The
beginning of the analyzed time window was set at
the highest amplitude peak in the time domain. All
amplitude coefficients were normalized. Second, a
qualitative analysis between strokes was performed by
comparing the spectra from chosen examples of each
technique across different frequency ranges along the
spectrum.
Subsequently, five temporal and spectral descriptors
were extracted from each sample: spectral centroid
[7], spectral bandwidth [8], spectral flux [9], roughness
[10] and crest factor, which quantifies the waveform’s
shape as a ratio of peak to average energy calculated as
the root mean squared [11]. Each of these descriptors
corresponds to at least one perceptual dimension rele-
vant to the aural perception of percussive timbre [12]:
centroid is related to brightness; flux to the dry/dead
dimension, bandwidth and roughness to the noisiness
or purity of the sound; and the crest factor is related
to perceived sharpness.

2.2. Bootstrapping
The variability inherent to musical performance pro-
duces high within-technique variance which, combined
with the limited sample size, reduces the precision of
descriptor estimates. Bootstrapping [13] was there-
fore applied to generate 95% confidence intervals (CI)
without assuming normality, enabling comparison of
descriptor distributions across techniques.
The core idea is that one can estimate the uncer-
tainty around a statistical measure, in this case, the
mean. To do so, each sample from a dataset with J
observations {x1, x2, . . . , xJ} is treated as a proxy for
the true population. Then, B bootstrap samples are
drawn with replacement from the original dataset, and
the mean x̄ is calculated for each resampled batch.
The resulting distribution {x̄1, . . . , x̄B} approaches
the sampling distribution of x̄, from which the 2.5th
and 97.5th percentiles are taken as the 95% CI bounds.

In the present study, a value of B = 2000 as well as a
fixed random seed were employed.

2.3. Standardized effect size - Hedges’ g

Given the small and unequal sample size for each
technique, comparing descriptor means alone does not
constitute a reliable timbre characterization, because
it does not account for within-technique variability or
the uncertainty of the estimates. Consequently, the
standardized effect size magnitude was computed to
assess the differences across techniques independently
of descriptor scale [14]. Hedges’ g [15] was employed,
as it applies a bias correction that reduces the overes-
timation of effect sizes characteristic of small samples,
and correctly handles unequal group sizes. It is defined
as

g = x̄ai − x̄bi

sp
J(ν), (1)

where x̄a and x̄b are the means for the i descriptor
of techniques a and b respectively, sp is the pooled
standard deviation

sp =

√
(na − 1)s2

a + (nb − 1)s2
b

na + nb − 2 (2)

with na and nb the sample sizes, s2
a and s2

b the unbiased
sample variances of each group, and J(ν) the small-
sample bias correction factor [16]

J(ν) ≈ 1 − 3
4ν − 1 , (3)

where ν = na + nb − 2 are the degrees of freedom.
As ν increases, J(ν) → 1 and the correction becomes
negligible. For small samples, J(ν) < 1, shrinking
the effect size estimate downward to correct for the
tendency of small samples to overestimate the true
population effect size.
The Hedges’ g values for each descriptor and tech-
nique pair were visualized in a heatmap to facilitate
comparison of effect size magnitudes across descrip-
tors. Descriptors showing consistently small effect size
differences across all technique pairs were considered
insufficiently discriminative and discarded. The re-
maining descriptors were normalized to a [0, 1] scale
using global min–max across all hits and techniques,
and their means per technique were plotted as radar
charts to visualize the timbral profile of each technique.
Results are presented in the following section.

3. Results
3.1. Spectral contour analysis
Fig. 1 shows the spectral contours from each play-
ing technique. The main plot depicts the frequency
spectrum only until 10 kHz for the sake of readabil-
ity —frequency bins up to 15 kHz were included in
the analysis—, and the inset illustrates in detail the
spectra within the first 1 kHz. A relation between
the technique’s execution, its corresponding spectra
and the obtained descriptor values is observed. The
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Figure 1: Spectra of the Abierto, Bajo, and Que-
mado techniques. STFT from the first 200 ms of each
technique, sample rate = 48 kHz, 42.6 ms window and hop
length 10,6 ms. t = 0 was set at the peak amplitude in
the time-domain.The main plot displays the spectrum up
to 10 kHz and the inset details the sub-1 kHz region. The
palm-to-center strike of the Bajo technique excites the
lowest mode of the system (f0 = 82 Hz), accounting for
the lowest centroid mean. The Abierto’s highest peak,
found at at approximately 240 Hz, is about three times
f0, followed by two resonant frequencies under 1kHz well
above -10dB, which may explain the observed spectral
flux values. Lastly, high-frequency density and sustained
partials above −60 dB (notably 5–7 kHz) are observed
for the Quemado technique; added to its short duration,
illustrates its impulse-like sound.

Bajo technique injects most of its energy to the lowest
mode of the system by hitting the membrane close
to the center, which causes a considerable amplitude
difference with regard to higher modes, lowering the
centroid. The Abierto distributes its energy between
higher modes: the frequency with the highest ampli-
tude (f=240Hz) exhibits a ratio of approximately 3:1
with respect to f0, which is approximately 10dB qui-
eter; moreover, higher modes in the sub 1kHz range are
well above -15dB during the first 200 ms. This behav-
ior increases the perceived complexity/liveliness of the
sound, as measured by the spectral flux. Lastly, the
impulse-like behavior of the Quemado is explained by
high energy in the middle and high frequency ranges,
starting at approximately 2.5 kHz and the presence of
partials between 5 and 7 kHz well above −60 dB dur-
ing the analyzed time window, all of this summarized
by the highest centroid and bandwidth.

3.2. Bootstrapping
The results are shown in Fig. 2. The per descriptor
mean values show clear differences between techniques.
The Bajo has the lowest centroid and highest rough-
ness, while the Quemado shows the inverse tendency,
namely highest centroid and lowest roughness. The

Figure 2: Bootstrap 95 % Confidence Intervals
(CIs) per Timbre Descriptor and Playing Tech-
nique. Although narrow CIs are observed in some de-
scriptors for each technique, the natural variability of
musical performances leads to large CIs in others; thus,
some features are not consistently produced by some tech-
niques, e.g., the Abierto’s bandwidth (top row, right) or
the Bajo’s roughness (middle row, right). In this regard,
bootstrapping helps to decrease the bias produced by such
variability, while still presenting honest estimates of the
reliability of the mean.

crest factor mirrors the relation between the tech-
nique’s execution and the corresponding sound decay,
e.g. a very high coefficient represents the impulse-like
behavior of the Quemado as opposed to the low coeffi-
cient of the Bajo. Nonetheless, large CIs are observed
in four out of five descriptors (centroid, bandwidth,
flux and roughness). These are caused by samples
whose execution somehow differs from the rest of the
data corresponding to the same technique; an intrin-
sic characteristic of musical data, specially in non-
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Western traditional music where the use of samples
and error-correcting techniques in the mixing stage is
reduced. To reduce the impact of such variability in
the technique classification task, the difference in the
magnitude of the effect sizes is calculated.

3.3. Standardized effect size - Hedges’ g
The Hedges’ g analysis is shown in Fig. 3. Negative
values result from the mean of the first technique be-
ing lower than that of the second technique for the
evaluated descriptor. The largest effect size between
Abierto and Quemado is observed in roughness; be-
tween Abierto and Bajo in flux; and between Bajo and
Quemado in the centroid. Spectral bandwidth shows
the lowest differences in effect size magnitude across all
technique pairs, suggesting that this feature is not as
relevant for distinguishing between techniques; there-
fore, it was disregarded in the timbre characterization
of the playing techniques. The remaining descriptors
were used to generate timbre profiles plotted as radar
charts for each technique as a tool to visually inspect
how different the resulting descriptions are (see Fig.
4).

Figure 3: Hedges’ g effect sizes per technique pair
and descriptor. (Ab=Abierto, Ba=Bajo, Qu=Quemado)
Negative values indicate the first technique has a lower
mean than the second. Roughness, flux, and centroid show
the largest effects for Abierto–Quemado, Abierto–Bajo,
and Bajo–Quemado respectively. Bandwidth shows the
lowest effect size magnitude differences across all pairs and
is therefore disregarded in the timbral characterization.

4. Discussion
The results show a clear relation between the fre-
quency spectra and the obtained profiles. Yet, large
confidence intervals resulting from bootstrapping point
towards a high variability in the data for some descrip-
tors. Such variability obeys inherent characteristics of
musical expression—the same musician may produce
different sounds when performing the same technique
multiple times—on one hand, and to the small sample
size, where outliers strongly impact the mean, on the
other. To alleviate the influence of the former case,
the data may also be observed in context; that is, if a
sample is classified as Bajo but differs strongly with
other samples from this technique, including in the
analysis when in time it was executed, e.g. on the first

Figure 4: Timbral profiles per playing technique.
(R.=Roughness, Fl.=Flux, Ce.=Centroid and Cr. F=Crest
Factor) Descriptors normalized to [0, 1] using global min–
max across all hits; radar axes show the mean per descrip-
tor per technique.

beat of a 4/4 metric, may improve the classification
task, although this alternative was not explored and
remains for future studies. The latter case, a usual
constraint found in non-Western music datasets, may
render the mean, as well as the corresponding de-
scriptor, unreliable if left unaddressed. In this regard,
calculating the magnitude of the effect size decreases
the bias caused by a limited sample size, and its stan-
dardization facilitates comparison across techniques.
This, in turn, transforms effect size magnitude into an
index of the relevance of the chosen descriptors for the
classification task. In the present study, since spec-
tral bandwidth showed the smallest difference across
all technique pair comparison, dismissing this feature
may lead to a more accurate classification. Further
studies are required to test this hypothesis. Moreover,
since roughness also relates to the noisiness/purity
perceptual dimension, it is possible that the band-
width descriptor is redundant in this context. In other
words, measuring different dimensions through differ-
ent descriptors can also improve descriptor choices.

As a result, the reliability of the obtained profiles
depends on observing (or including) the CIs from the
bootstrap and the effect size analyses from Hedges’s
g. Including them as an optimization step that tests
different descriptors, narrows their corresponding CIs,
disregards those descriptors with small differences in
effect size, and includes these coefficients as anno-
tations of the data may improve automatic timbre
classification pipelines working with small datasets.
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5. Conclusion
This study demonstrates that reliable computational
timbral characterization of non-Western percussion in-
struments is achievable under conditions of small sam-
ple size, provided that appropriate statistical meth-
ods are applied. By combining bootstrapping and
Hedges’ g, the proposed pipeline generates robust per-
ceptual profiles that capture the most relevant (com-
putational) perceptual descriptors for each playing
technique of the Colombian Alegre drum. The re-
sulting radar charts reveal technique-specific timbral
signatures—lowest centroid for Bajo, highest crest
factor for Quemado, and highest spectral flux for
Abierto—which constitute a foundation for automatic
data labeling and digital preservation of non-Western
musical heritage. Future work should explore larger
datasets, additional descriptors, and the optimization
of descriptor selection based on bootstrapped confi-
dence intervals and effect size magnitude differences
to further improve classification accuracy and gener-
alizability across instruments and traditions.
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