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ABSTRACT

Automatic detection of piano pedalling techniques is challenging as it is comprised of subtle nuances of piano
timbres. In this paper, we address this problem on single notes using decision-tree-based support vector machines.
Features are extracted from harmonics and residuals based on physical acoustics considerations and signal
observations. We consider four distinct pedalling techniques on the sustain pedal (anticipatory full, anticipatory
half, legato full and legato half pedalling) and create a new isolated-note dataset consisting of different pitches and
velocities for each pedalling technique plus notes played without pedal. Our results using cross-validation trails
show the effectiveness of the designed features and the trained classifiers for discriminating pedalling techniques.

1 Introduction

Pedals have existed in pianos since the eighteenth cen-
tury. It took many decades however before piano de-
signers settled on the three standard pedals. From left to
right, these are commonly referred to as the una corda
pedal, the sostenuto pedal and the sustain pedal. Along
with the development of pedals, pedalling notations
have likewise changed over the centuries. Composers
like Chopin and Liszt marked pedal onset and offset
times actively in their compositions. In contrast, De-
bussy and Scriabin rarely notated pedalling despite its
importance in the performance of their works. Yet,
they as well as later composers continued to find new
sounds through the assumed use of pedals [1]. Through-
out the twentieth century, composers became increas-
ingly more precise in providing pedalling instructions
to performers. On one hand, while there were many
experiments in more explicit notations, real standardisa-
tion to indicate the large variety of pedalling techniques

has not emerged [2]. On the other hand, experts agree
that pedalling in the same piano passage can be exe-
cuted in many different ways even if pedal markings are
given [3]. This is influenced by the performer’s sense
of tempo, dynamics, textural balance, and the settings
or milieu in which the performance takes place [1].

Pedalling techniques can vary in timing and the depth
of pedal press and release [4]. This is especially the
case for the sustain pedal, which lifts all dampers and
sets all strings into vibration due to sympathetic reso-
nance and the energy transmission via the bridge. This
allows the strings to keep vibrating after the key is re-
leased. Pianists apply various pedalling techniques on
the sustain pedal to colour the resonance subtly, leading
to expressive performance. There are three main ped-
alling techniques related to timing, i.e., when the pedal
should be pressed. Rhythmic pedalling corresponds to
pressing the pedal at the same time as the keys. This
supports metrical accentuation, an important aspect of
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Classical era performance. Pressing the pedal imme-
diately after the note attack is called legato pedalling.
This enables the performer to produce seamless legato.
Anticipatory pedalling can only be applied after a si-
lence and before the notes are played. This is primarily
used by pianists to produce greater resonance at the
commencement of the sound. In terms of pedal depth,
half pedalling is employed very often instead of fully
pressing and releasing the sustain pedal.

The use of various pedalling techniques is essential
in piano performances. Consequently, the recognition
and notation of the use of pedals can be valuable in
several tasks. Considering a particular performance, it
is not sufficient to estimate pedalling merely from the
music scores, therefore a method of detecting pedalling
parameters from audio recordings could benefit appli-
cations in the areas of piano pedagogy, music infor-
mation retrieval, performance modelling or automatic
transcription. In this paper, we address this problem
for isolated notes only. This serves as a starting point
for more complex use cases including pedalling tran-
scription for expressive performance. Acoustic features
are derived from both harmonics and the residuals of
isolated notes using sinusoidal modelling. The features
are then used in decision-tree-based support vector ma-
chines (DT-SVMs) in order to detect whether the note
is played without the sustain pedal or with anticipa-
tory full, anticipatory half, legato full or legato half
pedalling.

This paper is organised as follows. We first discuss
related works on playing technique detection for a va-
riety of instruments in Section 2, including the piano.
We then present our newly-created pedalling dataset
in Section 3. In Section 4, we propose signal analysis
and machine learning methods to address the problem
of pedalling technique detection, while in Section 5
we present the evaluation and discuss the results. We
finally conclude the paper and outline our future work
in Section 6.

2 Related Works

Automatic Music Transcription (AMT) is the process
of converting a musical recording into a symbolic rep-
resentation such as MIDI or sheet music. A particular
direction in AMT is to focus on instrument-specific
analyses in order to make better use of knowledge about
the physics and acoustics of instruments [5]. This stim-
ulated the study of piano transcription, so that pitch

and duration information written in the score can be
detected from a piano performance [6, 7].

However, music performance also involves the interpre-
tation by the player. Studies on retrieving the playing
techniques and expressions are relatively sparse. The
authors in [8] addressed the problem of drum playing
technique detection in polyphonic mixtures of music
using features extracted from activation functions of a
Non-Negative Matrix Factorisation (NMF) algorithm.
For guitar playing techniques, the detection was un-
dertaken by extracting spectral and pitch features and
using SVM for classification introduced in [9]. Another
approach to retrieve more information from music per-
formance is through the use of multi-modal data fusion.
The combination of sensor and audio data can enable
real-time estimates for pitch and bowing technique de-
tection during violin performance as discussed in [10].

In the context of piano pedalling techniques, [11] pre-
sented Piano Pedaller which is a sensor-based measure-
ment system for the classification and onset/offset de-
tection of partial pedalling techniques. Since installing
sensors on the instrument is not always feasible, auto-
matic acquisition from audio recordings is necessary
in generic conditions. Researchers in [12] separated
notes played with or without the sustain pedal through
autoregressive modelling of the estimated residuals and
then selecting a threshold to define the two classes.
This work didn’t take other pedalling techniques into
account. The thresholding made use of the features
proposed in [13]: energy of residuals, decay time and
amplitude beating. The value of these features is in-
creased when the sustain pedal is fully engaged. Sim-
ilarly, [14] analysed the decay of piano tones when
half pedalling is used. However, the study in both [13]
and [14] was conducted for developing a sustain-pedal
algorithm which could benefit physics-based piano syn-
thesis, while they didn’t consider the effect of pedal
timing. Inspired by the observations in the previously
mentioned works, we design and exploit audio features
based on the analysis of the harmonics and residuals
of recorded piano notes. We then design and train a
DT-SVMs to classify the isolated notes by pedalling
techniques of different pedal timing and depth.

3 Dataset Construction

Since there is no publicly available dataset for piano
pedalling technique detection across different tones and
velocities, we build our own dataset with isolated notes
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played without the sustain pedal as well as using differ-
ent pedalling techniques. Specifications for notes with
different pedalling conditions were encoded as stan-
dard MIDI files and then audio was generated using a
reproducing piano. This provided fully-automatic and
reliable annotation for our audio dataset. The record-
ing was carried out at the Yamaha recording studio
in Milton Keynes, United Kingdom, in March 2017.
The instrument was a Yamaha Disklavier grand piano
which was tuned directly prior to the recording ses-
sion. The tones were recorded using the spaced-pair
stereo microphone technique with a pair of Earthworks
QTC40 omnidirectional condenser microphones posi-
tioned about 50 cm above the strings. The positions
were kept constant during the recording. The signals
were recorded with a sampling rate of 44.1 kHz and a
resolution of 24 bits.

As we discussed in Section 1, pedalling techniques
can be varied by onset timing and pedal depth. The
database is thus composed of ten categories of notes:
piano notes played normally without pedal (denoted
normal hereafter), notes played with three timings in
conjunction with three possible depths (anticipatory +
full, anticipatory + three-quarter, anticipatory + half,
rhythmic + full, rhythmic + three-quarter, rhythmic
+ half, legato + full, legato + three-quarter, legato +
half ), so we have three by three conditions for notes
played with pedal in addition to the no pedal case. We
recorded individual notes from low to high frequency
range of the instrument at the velocity of piano, mezzo-
forte and forte respectively. The interval between each
note is a fourth and each note was played for 2 seconds
in the ten configurations described above. This leads to
a database of 630 note recordings in total.

Because of the physical mechanism of Disklavier itself,
both full and three-quarter pedalling lift the damper
high enough to prevent it from interacting with the
strings. Similarly, anticipatory and rhythmic pedalling
seem to have the same timing effect on the notes. Hence
we consider three-quarter pedalling the same as full
pedalling, and rhythmic pedalling equivalent to antic-
ipatory pedalling. Meanwhile, the bass strings are at-
tached to a separate bridge, which inhibits the energy
from leaking to the middle and treble strings and, thus,
the bass tones are not altered substantially when they
are played with the sustain pedal, compared to the situ-
ation where the sustain pedal is not engaged. Likewise,
this happens to the treble region, because the harmonic

structure is sparse and the high strings are relatively far
away from the more energetic middle strings.

In the rest of this study, 330 recordings representing the
notes from the middle region of piano (from C3 to E6)
were used in total. Table 1 lists the four merged ped-
alling techniques plus notes played without the sustain
pedal that we consider in this work.

4 Methods
In this section, we present the overall architecture, as
well as the audio decomposition, feature extraction and
classification techniques used in this study.

estimate fundamental 
frequency and inharmonicity

decision-tree-based 
SVMs

isolated note.wav

harmonics residuals

results

feature extraction

Fig. 1: Schematic overview of the proposed piano ped-
alling recognition system.

4.1 System Overview

Figure 1 illustrates the schematic overview of the pro-
posed system which has three main stages. First, we
perform harmonics plus residuals decomposition, in
which we first find the frequencies of harmonic partials
of each note, taking inharmonicity into account. We
then obtain the residuals by subtracting the harmonic
components from the original sound. The next step is
feature extraction. We design features through mod-
elling variation in harmonics and residuals due to pedal
use. Finally, a DT-SVM is used to classify the pedalling
technique. More details about each step are provided
in the sections below.
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Label Techniques Descriptions #Notes
N Normal Notes played without the sustain pedal. 33
AF Anticipatory Full Fully or three-quarterly depress the sustain pedal before

or at the same time as the note attack.
132

AH Anticipatory Half Halfway depress the sustain pedal before or at the same
time as the note attack.

66

LF Legato Full Fully or three-quarterly depress the sustain pedal immedi-
ately after the note attack.

66

LH Legato Half Halfway depress the sustain pedal immediately after the
note attack.

33

Table 1: Description of the pedalling techniques considered in this work.

4.2 Harmonics Plus Residuals Decomposition

Perfect harmony is characterised by all partial frequen-
cies being integer multiples of the fundamental fre-
quency. Due to string stiffness, harmonic partials of pi-
ano notes occur at frequencies higher than the expected
perfect harmonics. The theoretical partial frequencies
can be computed using Eq.1:

fn = n f0

√
1+Bn2, (1)

where n is the partial index and fn is the corresponding
frequency, f0 is the fundamental frequency and B is
the inharmonicity coefficient, which are varied from
note to note [15]. In order to estimate f0 and B, we
implemented the method proposed in [16]1. We set
the value of maximum fn, i.e., fN , up to fs/3 where
fs is the sampling frequency in Hz. Thereafter the
frequencies of harmonic partials are obtained. Figure 2
shows the detected frequencies of the first 30 partials
of the C4 note (262Hz).

A music signal s is commonly segmented into short-
time frames for analysis due to the time-varying prop-
erties of their characteristics, and the assumption that
certain features such as energy or timbre can be ex-
pected to be stationary for short durations. The r-th
frame at the local time index l can be represented as
sr(tl). tl is the time in seconds at the index l so tl = l/ fs.
Sinusoids (partials) plus noise (residuals) [17] is a well-
established technique to model the input signal sr(tl)
expressed using the following formula:

sr(tl) =
Nr

∑
n=1

An,r(tl)cos[θn,r(tl)]+ e(tl), (2)

1A Python implementation of this method can be down-
loaded at https://code.soundsoftware.ac.uk/projects/analysis-of-
piano-pedalling.
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Fig. 2: Estimated partial frequencies of note C4
(262Hz).

where An,r(tl) and θn,r(tl) are the instantaneous ampli-
tude and phase of the n-th sinusoid respectively. e(tl)
is the noise component at time tl . Then θn,r(tl) is taken
to be the integral of the instantaneous frequency fn,r.

According to the properties of piano tones, the frequen-
cies of the partials for a single piano tone are stable so
the frequencies can be fixed across frames [18]. We
rewrite the model in Eq.2 with fixed partial frequencies
( fn) across frames:

sr(tl) =
N

∑
n=1

An,r(tl)cos[θn(tl)]+ e(tl), (3)

Using the sinusoidal model, the number of partials N
and their frequencies fn can be estimated, then each
piano tone can be decomposed into harmonics repre-
sented by ∑

N
n=1 An,r(tl)cos[θn(tl)] and residuals e(tl).

Figure 4 shows an example of the evolutions of the first
partial for note C4 played with different techniques at
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Fig. 3: Evolution of the normalised amplitudes of the
residual mean value for note C4 played with
different techniques.

the same forte velocity. We can observe that the am-
plitude beating is increased when the sustain pedal is
engaged.

4.3 Feature Extraction

Based on the theory of piano string coupling [19], the
decay of each partial can be classified into three types:
linear decay (of log-energy), double decay and curve
decay (beats). For the notes in the middle region of
piano played normally, the decay of the first partial
largely fits the linear or double decay model. For the
notes played with the sustain pedal engaged, amplitude
beating occurs. Therefore we extract the features from
the harmonic components through modelling the decay
of the first partial, i.e., A1,r, by using multi-phase linear
regression [20] implemented in the py-earth python
package2. For instance, double decay can be modelled
as a two-phase linear regression, formulated as follows:

y(t) =

{
β10 +β11t : ts < t < td p

β20 +β21t : td p < t < te
(4)

where y is the estimated function; α =
{β10,β11,β20,β21} is the vector of regression
coefficients; ts and te are the starting time and the
ending time respectively; and td p is the demarcation
point which satisfies the linear constrain expressed in
Eq.5 as follows:

β10 +β11td p = β20 +β21td p (5)

2http://contrib.scikit-learn.org/py-earth/index.html
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Fig. 4: Evolution of the amplitudes of the first partial
for note C4 played with different techniques.

The coefficient of determination R2 is used for evaluat-
ing the fit between the data and the model. It is defined
in Eq.6 as follows:

R2 = 1− ∑r(yr−A1,r)
2

∑r(A1,r− Ā1)2 , (6)

where yr is the modelled function and Ā1 is the mean
of the observations A1,r. As a higher value of R2 is
obtained by the note played without the sustain pedal,
R2 is applied as one of the features to distinguish notes
played normally.

For the residual components, the mean value of each
frame from the Short Time Fourier Transform (STFT)
of e(tl) is calculated to represent the evolution of the
residual as shown in Figure 3. The evolution ydecay(tl)
is defined as follows:

Xe(τ,ωk) = ST FT {e(tl)} ,

ydecay(tl) =
∑ωk
|Xe(τ,ωk)|2

k
,

(7)

where τ is the time index, and ωk is the frequency index
at the kth STFT bin number. We model the evolution
ydecay(tl) between note onset and offset by using expo-
nential decay (Eq.8):

yexp(tl) = ae−btl + c, (8)

where yexp is the estimated function; a, b and c are the
coefficients derived using non-linear least-squares fit-
ting [21]. The value of b and c is changed significantly
with various playing techniques. The differences be-
tween the fitted decay model and the data are used to
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calculate the chi-squared statistic χ2
decay to measure the

goodness of fit by Eq.9:

χ
2
decay = ∑

tl

(ydecay(tl)− yexp(tl))2

ε2
tl

, (9)

where ε2
tl is the estimated uncertainty in the data. The

value of χ2
decay is larger in the cases of notes played

with half or legato pedalling.

A peak detection algorithm employs the differences
between the fitted decay model and the data to obtain
the number of peaks Npeak in order to facilitate the de-
tection of legato pedalling. This is based on the spike
led by the legato pedalling onset shown as the red line
around 1s in Figure 3. A fast Fourier transform (FFT)
algorithm also operates on the differences, from which
the value of the frequency fdecay with the maximum
amplitude is used for the purpose of half pedalling
detection. This is effective because of the frequent
interaction between piano dampers and strings, result-
ing in more oscillations in the differences when half
pedalling is executed.

For each note, there are six features (R2, b, c, χ2
decay,

Npeak, fdecay) available to be used for detecting whether
a note is played normally or not initially. If so, the data
of A1,r during the first 500ms will be saved as Are f

1 . This
could inform the pedalling detection for rest instances
of the same pitch and velocity by calculating the chi-
squared χ2

A1
between their own A1,500ms and Are f

1 . In the
case of legato pedalling, A1,500ms are more similar with
the Are f

1 compared with cases for anticipatory pedalling
shown as the evolution before legato pedalling onset
in Figure 4. Thus the value of χ2

A1
is smaller for the

notes played with legato pedalling. χ2
A1

is added as
an additional feature for further pedalling technique
classification after detecting the normal played note of
the same pitch and velocity.

4.4 Decision-Tree-Based SVMs

Decision-tree-based support vector machines (DT-
SVMs) is an effective way for solving multi-class prob-
lems by combining decision trees (DTs) and support
vector machines (SVMs). DT is a non-parametric super-
vised learning method which can be used for classifica-
tion. The goal is to create a tree-like model that predicts
the value of a target variable by learning simple deci-
sion rules inferred from the data features [22]. SVM is

Normal
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Legato
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Legato
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f1(x) = 0
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(a) Hypothetical division of the feature space.

f1(x) = 0

f2(x) = 0
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{Normal, Anticipatory Full, Anticipatory 
Half, Legato Full, Legato Half}

{Normal}

{Anticipatory Full, Anticipatory 
Half, Legato Full, Legato Half}+ -

{Anticipatory Full}

{Anticipatory Half, Legato 
Full, Legato Half} +-

{Legato Full, Legato Half}

{Anticipatory Half}

+ -

{Legato Full} {Legato Half}

+ -

(b) Expression by decision tree.

Fig. 5: Schematic structure of our decision-tree-based
SVMs.

a supervised learning method that attempts to find a hy-
perplane separating the different classes of the training
instances with the maximum error margin [23]. This
was originally designed for binary classification [24].
DT-SVMs can resolve the existence of unclassifiable
regions and has higher generalisation capacity than that
of conventional SVMs [25].

Figure 5a shows a hypothetical division of the feature
space for our pedalling technique detection, and Figure
5b expresses this using the decision tree. The function
denoted fi(x) is the designated decision function at the
ith node where i = 1,2,3,4. Every node except leaf
nodes correspond to a hyperplane that separates a class
from the others. The classes that are easily bifurcated
need to be split at the upper node of the decision tree. In
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our case, we firstly separate the normally played notes
and then repeat the classification process for the rest
of pedalling techniques until only one class remains in
the separated region.

5 Evaluation

In this section we present the assessment of the devised
features and compare different classifiers in the ped-
alling technique recognition task. We first detail the
conditions of the experiment, then present and discuss
the results.

5.1 Experiment Setup
Based on the piano’s physical structure, notes at the
middle register can be separated into two regions be-
cause of the typical construction of the piano plate
sustaining the strings. We construct corresponding
classifiers for the two regions and run cross-validation
respectively. The two regions, mid-lower (from C3 to
B4) and mid-upper (from C5 to E6), are separated by
the C5 note (523Hz). An eight-fold cross-validation
(CV) scheme is adopted for the evaluation. For all
the fold partitions, the distribution of notes over the
pedalling techniques is balanced.
We consider a multi-class C-SVM [26] with Radial Ba-
sis Function (RBF) kernel and DT for comparison in
order to present the effectiveness of our DT-SVM. Dur-
ing the testing phase, the learned classifier outputs the
detected pedalling technique for the new notes. Two
thirds of our dataset are used for training while the rest
(one third) is retained for testing. We use the imple-
mentation available in the scikit-learn library [27]. All
features are scaled to be in the range between 0 and 1
using the standard min-max scaling approach.

5.2 Results
The performance of each classifier from the CV trails
is presented in Figure 6. For pedalling technique detec-
tion of notes in both mid-lower and mid-upper regions,
our DT-SVM achieves the highest average F-measure
score reported as 0.867 and 0.875 respectively. This
yields a performance improvement, outperforming the
DT and the SVM by 10.9% and 8.4% respectively at
the mid-lower region, as well as 15.0% and 2.5% at the
mid-upper region.
Table 2 displays the normalised confusion matrices
after testing using the trained DT-SVMs. Labels corre-
spond to the techniques listed in Table 1. The F-score of
the evaluation result is 0.933 for the mid-lower region
and 0.867 for the mid-upper region.

DT C-SVM DT-SVM

0.6

0.7

0.8

0.9

1.0

0.758

0.725

0.783

0.850

0.867 0.875

mid-lower
mid-upper
average F-score

Fig. 6: Comparison of the performance of different
classifiers.

(a) Mid-lower region.

predicted label
N AF AH LF LH

ac
tu

al
la

be
l N 1.00 0 0 0 0

AF 0 1.00 0 0 0
AH 0 0 0.83 0.17 0
LF 0 0 0 1.00 0
LH 0 0 0 0.33 0.67

(b) Mid-upper region.

predicted label
N AF AH LF LH

ac
tu

al
la

be
l N 0.67 0 0 0 0.33

AF 0 1.00 0 0 0
AH 0 0.17 0.83 0 0
LF 0 0 0 1.00 0
LH 0 0 0 0.67 0.33

Table 2: Normalised confusion matrices of pedalling
technique detection of piano notes in mid-
lower and mid-upper region.

5.3 Discussions

According to the experiment results, the following ob-
servations can be made. First, Figure 6 shows the
effectiveness of the designed features in differentiating
classes of pedalling techniques, as well as our decision-
tree-based SVMs, which obtained the highest F-score
using cross-validation trails. Second, based on the con-
fusion matrices (Table 2a and Table 2b for detection
in mid-lower and mid-upper region respectively), AH
(anticipatory half ) and LH (legato half ) pedalling can
be easily confused with other techniques. One possi-
ble explanation is that the distribution of the classes is
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skewed towards full-pedalling related techniques in the
test data, resulting in the higher accuracy of results. Fur-
thermore, we observe ambiguities in the spectrogram
between legato full versus legato half for example, sug-
gesting that such techniques are difficult to discriminate
from one another. This indicates that more specialised
features should be developed. Third, since the more the
data are misclassified at the upper node of the decision
tree, the worse the classification performance becomes,
it is important to determine the structure of the decision
tree in order to minimise the classification error. We
separated notes played normally versus notes played
with the pedal at the first node of the decision tree. The
separability measure for the rest of the nodes was based
on the distribution of the pedalling samples. There are
possibilities of other separability measures to improve
the performance, such as the Euclidean distance and
the Mahalanobis distance.

6 Conclusions

This paper presented an initial study of piano pedalling
technique detection using isolated notes as a starting
point. A dataset has been created for training and test-
ing purposes. By using the features extracted from
harmonics and residuals, a model using decision-tree-
based SVMs was trained to classify the notes into nor-
mal, anticipatory full, anticipatory half, legato full and
legato half pedalling techniques. The effectiveness of
our classifier was demonstrated using cross-validation.
A mean F-measure score of 0.867 and 0.875 was ob-
tained for classification of notes in mid-lower and mid-
upper region separately. The results indicate that the
current method is able to detect the pedalling tech-
niques for single notes in the middle range of the piano.
However, this is a preliminary addressing this problem.
Although the results are good, there are strong assump-
tions about the ability to extract clean features from
isolated nots, which may not apply in more generic
cases, such as continuous piano playing. For this rea-
son, more sophisticated approaches should be devel-
oped and applied in order to solve pedalling detection
in the context of polyphonic piano music, which con-
stitutes our future work. This work will require to deal
with feature extraction in the presence of overlapping
partials when different notes are sounding. To this
end, techniques commonly used in source separation
or automatic music transcription, such as Non-negative
Matrix Factorisation may become necessary.
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