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Aims/goals
2 Methodology
Automatic assessment of music performance is an open research area widely studied in the past. A vast
number of systems aiming to enhance the learning process of a musical instrument are being developed in
2.1 years.
Feature
extraction
and focus
feature
audio
recent
However,
most of the systems
on the selection
assessment of for
pitch real-time
and onset accuracy,
and very
few pay analysis.
attention to tone quality. This is particularly true in violin music education, where although a
consensus exists on what is a good or a bad tone quality, there is not a formal definition due to its
Low and We
high-level
audio learning
features
wereforextracted
from
the audio
in
subjectivity.
present a machine
approach
the automatic
assessment
of violinsignals
tone quality.
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from
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previous
work
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the
preliminary
modelling
of
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dimensions
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both temporal and spectral domains using the Essentia library (Bogdanov et al.
quality.
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tones with
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a professional
(2013)),
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a frame
size ofof23ms,
with
a hop
size ofdefined
11.5ms.
On thebyother
hand,
violinist, we applied machine learning techniques to learn computational models able to evaluate tone
perceptual
tests to
assess
the The
quality
of performed
notes
was conducted,
in which
quality
from extracted
audio
features.
tone quality
models were
implemented
into a real-time-visual30 participants
(with at least one year of musical training) were asked to mark
feedback
system.

sound quality
in terms of predefined dimensions: dynamic, pitch and timbre staBackground
information
bility,
pitch
accuracysound
and istimbre
on a 7-point
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27 Violin
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obtained
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data
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(Romani
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pitch, loudness, and timbre. Eerola et al. (2012) identify 26 acoustic parameters of timbre among several
instrument
groups,
which
might in
reflect
instrument
performance
techniques and
expressive
et al. 2015),
and
selected
order
to cover
an homogeneous
range
of the intentions.
violin’s
Automatic characterization of dynamics and articulation from low-level audio features has been studied by
tessitura. Similarly, a proposed list of tone qualities (see Table 1), defined by
Maestre & Gómez (2005) in the context of expressive music performance. Knight et al. (2011) study the
music educators,
presented
in pairs
the
listener
(e.g.
Bright/Dark)
to
automatic
assessment ofwas
tone quality
in trumpet
sounds to
using
machine
learning
techniques.
Romani Picas
grade
the make
sounds
a 7-point
scale.
et
al. (2015)
use along
of machine
learningLikert
techniques
to identify good- and poor-quality notes of the
trumpet, clarinet and flute, given training data consisting of low and high level audio features extracted
from performed musical sounds with each instrument. Giraldo et al. (2017a, 2017b) conducted perceptual
tests on the quality of performed musical notes to study the correlations among previously defined terms
used in the literature
stability,
richness,by
andmusic
attack clarity)
and a list of tone
Table(i.e.,
1: pitch-dynamic-timbre
Proposed list of tone
qualities
experts
qualities provided by music experts in violin education.
Tone Qualities
Dark
Bright
Cold
Warm
Harsh
Sweet
Dry
Resonant
Light
Heavy
Grainy
Pure
Coarse
Smooth
Closed
Open
Restricted
Free
Narrow
Broad

Table 1. Proposed list of tone quality by music experts.
Methodology
We obtained recorded examples of each of the tone qualities listed in Table 1, by a professional violinist.
Eight notes were recorded for each tonal label using different combinations of fingerings, strings, and bow
directions (i.e. up and down), for a total of 80 notes. Low- and high-level descriptors were extracted from
the audio signal using the Essentia library (Bogdanov et al. 2013). Automatic feature selection methods
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(i.e., wrapper with genetic search) were used to obtain a subset of low-level frame based, spectral
descriptors. After feature selection, machine learning techniques were applied to obtain a model for each
tone quality pair in Table 1 (e.g., bright-dark, cold-warm), thus obtaining a total of 10 models. For each
model, three machine learning schemes were compared, i.e., Linear Regression (LR), Artificial Neural
Networks (ANN) with one hidden layer, and Support Vector Machines (SVM) with linear kernel.
Results
The accuracy of each model was calculated based on the percentage of correctly classified instances. The
average accuracy of each of the methods compared, across the 10 models of tonal quality pairs was 79%
(5%std), 89% (5%std), 85% (5%std) for LR, ANN, and SVM, respectively. The ANN models were then
chosen to be implemented on a real-time system for tone quality assessment, where the probability of each
binary class was mapped into a visual feedback system, using a spider chart scheme.
Conclusions
A computational approach to automatically assess the quality of performed violin sounds is proposed. We
recorded examples of expert defined tone qualities. High and low-level descriptors were extracted from the
audio signal and machine learning models were obtained to predict the different quality dimensions. The
accuracy obtained indicate that the selected features contain sufficient information to predict the studied
tone qualities.
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