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Abstract

Highly-skilled pianists demonstrate fluent and efficient hand and
finger motion. Recent developments in video-based methods for
markerless motion capture that rely on deep learning algorithms of-
fer a less intrusive and resource-intensive alternative to traditional
marker-based infrared ones. In this work we present an initial look
into how such a markerless motion capture system could be devel-
oped and utilized for the study of pianists’ hand and finger kine-
matics. We collect data from different pianists performing technical
exercises and present an analysis of the kinematics of hand and
finger motion that arise when pianists are challenged by playing at
fast and slow tempi. We investigate different kinematic measures
and analyze the recorded MIDI to assess the pianists’ strategies for
timekeeping and hand coordination and discover certain indica-
tions for smoother motions and better control at intermediate tempi.
Our results are also in line with previous work in the field and point
towards the suitability of this approach for studying pianists’ hand
movements.
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1 Introduction

Skilled pianists demonstrate high levels of control and precision in
their hand and finger movements [15] and studying how they adapt
these to different musical challenges can inform our understanding
of musical learning and expertise, as well as aid in injury prevention
and recovery.
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Research on pianists’ motor control commonly uses infrared
(IR) motion capture (MoCap), which enables fine-grained capture
of small-scale, high-velocity kinematics with the use of reflective
markers placed on the body that is to be tracked. These markers
may be prone to detach, the setup can also be labor-intensive and
intrusive, and extensive post-processing is needed to label markers
and handle missing data [22]. Video-based methods for markerless
motion capture that rely on deep learning algorithms offer a less
intrusive and resource-intensive workflow and could provide a
more ecologically-valid alternative.

This paper presents a study of the temporal and spatial control
of the hands and fingers of pianists during performances under
different tempo demands. We investigate the hypothesis that pi-
anists exhibit better control of the performance in intermediate
tempi between the two extremes. We record seven pianists with
various backgrounds and skill levels performing selected techni-
cal exercises and record multiview video and MIDI data of their
performances. We introduce a method for markerless MoCap from
these multiview video recordings to capture the fast and intricate
movements of their fingers. We investigate several different as-
pects of the resulting motions as indicators for spatial control of
the performance, namely, quantity and smoothness of motion, and
characteristics of finger movement trajectories. From the MIDI data
we obtain measures of temporal variability and timing accuracy,
coordination between both hands, as well as variability in MIDI
velocity (correlated with loudness of the produced sound).

The rest of this paper is structured as follows: Section 2 discusses
related work on motion analysis of music performance and mark-
erless motion capture. Section 3 describes our data collection in 3.1
and presents our markerless motion capture for piano performance
analysis in 3.2. Section 4.1 presents hand-finger kinematics analysis.
Section 4.2 presents some analysis of MIDI data. Finally, Section 5
concludes the paper.

2 Background
2.1 Motion analysis of music performance

Musicians’ body motion can be classified as sound-producing,
sound-facilitating (i.e., supporting sound production), sound-
accompanying (i.e., made in response to the music), and/or commu-
nicative (e.g., head nods to a co-performer) [3]. In this paper, we are
concerned with how pianists adapt their sound-producing motion
to play at faster or slower tempi. Most prior research on pianists’
sound-producing motion has focused on hand and finger kinemat-
ics, although the upper arms and torso support sound production
as well [23]. Analyses of IR MoCap and MIDI data are commonly
used in this literature.
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Some studies have compared pianists of different skill levels.
Experts have been shown to demonstrate improved independence
of hands, allowing for differentiated manipulation of parameters
like loudness and articulation [12]. Experts are also better able to
adapt their degree of finger independence to the demands of the
music, compared to non-experts [25].

A number of studies have compared pianists’ performance at
moderate versus fast tempi. Pianists demonstrate reduced finger
control, resulting in higher temporal variability, at faster compared
to slower tempi [4]. Temporal variability has been linked to joint
velocities and finger independence, while variability in keystroke
velocity has been linked to finger posture [21]. Pianists have been
found to raise their fingers higher when they play faster, perhaps
allowing for heightened kinesthetic feedback that helps with finger
control [4]. Other research has shown that pianists’ fingers follow
characteristic trajectories, measured in terms of angular velocity,
that are relatively invariant to tempo changes [5]. Goebl and Palmer
[8] developed a measure of keystroke efficiency that represented the
degree of coordination between finger joints. Greater efficiency was
associated with higher precision in timing and keystroke velocity.

2.2 Markerless Motion Capture

In contrast to IR-based MoCap, which detects physical markers
placed on the body of interest, another type of system has been
adopted which relies on the detection of keypoints in video frames.
Such systems do not require the placement of markers on the body,
which results in less-intrusive and more ecologically-valid capture.
They typically utilize machine learning—based pose estimation al-
gorithms to directly obtain 3D human postures from conventional
RGB video recordings. Commonly known as markerless MoCap,
they have been used in a variety of contexts and applications, such
as sports [16], clinical biomechanics [24], and expressive movement
analysis in music performance [18], among others.

The work presented in this paper draws on Simon et al. [19]
and the FreiHAND dataset by Zimmermann et al. [29], which both
employed cost-effective alternatives to expensive IR MoCap sys-
tems. These methods used a multi-view setup with triangulation
and a bootstrapping approach to generate training data for their
high-quality hand pose estimation algorithms.

Several studies have examined multi-camera markerless sys-
tems using pose estimation and have reported average joint center
location differences of 10-50 mm [14, 26] and temporal-spatial
differences of 15 mm compared to marker-based methods [26]. In
comparison, Bishop and Jensenius [2] compared the accuracy of two
commercial IR MoCap systems and found mean-squared-errors be-
tween the two in the order of a few mm? when capturing musicians.
Moro et al. [13] compared marker based and markerless MoCap
systems for capturing violin playing performances, concluding that
the error obtained when adopting a 3-view camera system is in the
order of a few millimeters. Additionally, as pointed out by Wade
et al. [24], some applications may not require highly accurate data
and instead numerous trials could be averaged to obtain reliable
average results. Our approach is similar to that of Uhlrich et al. [22],
who developed an end-to-end framework for full-body movement
analysis, assessing between-group differences, and prediction of
injury risks in clinical settings. Their results showed an accurate
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prediction of kinematics with a mean absolute joint angle error of
4.5° compared to IR MoCap and confirmed the suitability of such
an approach for the task.

3 Methods
3.1 Data Collection

We collected data from seven participants (3 women and 4 men;
mean age 32.1 years, std. 4.8 years), with 8.9 years of piano lessons
on average (std. 6.5 years), which we categorized into three skill
groups: experts (n = 4, mean 13.8 years of formal piano training,
std. 1.5 years), intermediates (n = 2, mean 3 years playing piano,
std. 3 years), and beginner (n = 1, < 1 year playing piano). In the
following we will refer to the experts as E1-E4 and the intermedi-
ates as I1-12 (the beginner was omitted from the presented results
because they could only play at the slowest tempi).

Our choice of material are seven piano technique exercises (num-
bers 1, 2, 6, 7, 11, 14, and 20) from Charles-Louis Hanon’s The Vir-
tuoso Pianist in Sixty Exercises for the Piano [10] which, since its
introduction in the mid-19th century, has been a staple in piano
teaching. These exercises are particularly useful for analyzing finger
kinematics since they focus on similar difficulties and independence
for the fingers in each hand and address a variety of common tech-
nical aspects related to potentially challenging finger movements,
such as trills and extensions.

The participants recorded each exercise at multiple tempi: 40, 50,
60, 70, 80, 90, 100, 110, and 120 bpm. This tempo range was selected
to study its impact on finger dynamics, extending both below and
above the range that Hanon recommended in his instructions for the
exercises (60-108 bpm). Some participants were unable to perform
at the faster tempi; in particular, the intermediates sometimes only
reached 90 bpm and the beginner only reached 60-80 bpm.

Separate recordings were made for the ascending and descending
parts of each exercise. We always recorded the slowest tempo first,
then proceeded with increasingly faster tempi. Participants were
requested to follow the fingering (which finger to use to strike the
key) in the original score and play non-expressively. They heard a
metronome while playing and were allowed to repeat the exercise
if they made errors, used a wrong fingering, or got out of time with
the metronome. Most participants recorded the exercises in 2-3
separate sessions on different days. For those who recorded all of
the exercises at all tempi, the recording sessions took approximately
4 hours altogether.

We recorded synchronized multiview video from three different
angles (see Fig. 1) using three GoPro cameras at 60fps and 1080p res-
olution in linear lens mode. MIDI data were recorded on a Yamaha
C1 Enspire ST Disklavier piano.

MIDI recordings were aligned to the scores using the dynamic
time warping (DTW)-based method described in [17] and we semi-
automatically annotated the fingerings for each performed note.

3.2 Markerless MoCap for Pianists’ Hands

We developed a system utilizing hand pose estimation from RGB
videos to estimate the positions of keypoints on the hands and
fingers of pianists in a world coordinate metric space for each
frame of the recorded videos.
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Figure 1: Data capturing setup with three cameras positioned
on the left, right, and above the keyboard.
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Figure 2: 2D pose estimation results on a single hand pose.
The 2D poses are triangulated to obtain the 3D pose used for
the analysis.

For the estimation of the 3D hand poses, we implemented a
multiview triangulation (MVT) approach making use of our three-
camera recording setup, as described in Section 3.1, and the Direct
Linear Transform (DLT) algorithm [11] for MVT. In this way we
mostly avoided the problem of hand self-occlusion as we ensured
that all keypoints are visible in at least two of the viewpoints, and
we obtained the 3D pose in world coordinates with accurate scaling,
which allowed us to perform all steps of the subsequent analysis.

We calibrated the three cameras using Zhang’s method [28] and
used two ArUco markers [6] positioned on both sides of the music
stand for the estimation of the cameras’ extrinsic parameters and
as origin points for our coordinate system. We used an off-the-shelf
automatic hand pose estimator (HPE) [27] from Google’s reposi-
tory’! to obtain the standard 21-keypoint poses (corresponding to
the 3 joints and 1 tip per finger + a wrist one) per hand for each
frame in the videos (see Fig. 2). From the resulting 2D poses we
obtained three sets of pair-wise MVT 3D poses.

We designated the three cameras as Left (L), Center (C), and Right
(R), with C positioned above the keyboard and L and R positioned
on either side of the pianist (see Fig 1). The following steps were

https://ai.google.dev/edge/mediapipe/solutions/vision/hand_landmarker
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Figure 3: 3D pose estimation from multiple pairs of coordi-
nates. Three sets of 3D world coordinates are obtained by
performing MVT for each pair of 2D poses separately. The
final 3D pose is computed by averaging the three sets of co-
ordinates.

performed independently for each of the two hands, so we skip the
hand index for clarity. After processing each recorded performance
with the HPE model, we obtained the 2D pose p§ for each ¢ €
{C, L, R} per timestep t. We separately performed the DLT for each
of the three pairs of poses (pf, ptc), (PtC’ P}tz), (pf, plf) to obtain the
three sets of 3D world coordinates indicated as CL, CR, and LR (see
Fig. 3).

We chose the middle finger’s metacarpophalangeal (MCP) joint
keypoint as the root joint (due to it being the most stable and
least prone to occlusion across all participants and exercises) and
aligned all 3D poses to the mean position of the root joint across all
three views. This resulted in an average of 3-7 mm mean-per-joint-
positional-error (MPJPE) between the three sets of 3D keypoints. We
then computed the mean coordinates for each of the 21 keypoints
to obtain the final 3D poses used in the analysis.

We evaluated the differences between the empirically measured
palm sizes of the pianists and the corresponding ones obtained from
the 3D poses as a measure of the accuracy of the estimation, similar
to [13], and we chose the distance between the center of the wrist
and the MCP joint of the middle finger following [20]. The mean
error across the randomly selected trials was 3 mm (std. 2 mm).

4 Results

4.1 Hand Motion Kinematics Analysis

We analyzed pianists’ hand-finger motion data to look into how
tempo affected the quantity of motion, the smoothness, and the
self-similarity of the velocity profiles (computed as the numerical
derivatives of their positions) of the fingertips.
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Figure 4: Mean-per-finger QoM across tempi, averaged over
all exercises.

4.1.1  Quantity of Motion. We computed the quantity of motion
(QoM) of the pianists’ fingertips as the sum of velocity magnitudes
per performance. Since pianists performed at the same tempi, differ-
ences in performance lengths were minimal and no normalization
was needed. Fig. 4 shows QoM per pianist and tempo, with data av-
eraged across fingers and exercises. The aggregated results revealed
a general decrease in QoM with increasing tempo, which suggest
that pianists may have adapted to the performance demands with
more efficient movements.

4.1.2  Motion Smoothness. We used the spectral arc length (SPARC)
to estimate movement smoothness as proposed in the context of
neurological rehabilitation [1], and applied to the analysis of music
performance by Gonzalez-Sanchez et al. [9]. SPARC reflects the
amount of intermittency (acceleration change) in a movement and
should not be computed directly for motion sequences that can be
broken down into discrete movements, as we find with rhythmic
motion, but rather over sequences segmented in a meaningful way
[1]. We segmented our finger velocity profiles based on the timing
of keystokes and their associated fingers, which we obtained from
the MIDI data aligned with the performance score. Grouping note
onsets by fingers, for each finger joint, SPARC was computed for
windows that started at the note onset for which this finger per-
formed a keystroke and ended at the next such note onset. This
resulted in each window capturing both “active” finger movements
(i.e., during a keystroke) and “passive” finger movements that oc-
curred while other fingers were active. The results we present here
focus on SPARC computed for the fingertips. Fig. 5 shows smooth-
ness across tempi for six of the pianists, with data averaged across
exercises 1, 2, and 6. Smoothness increased for all pianists with
increasing tempi, and improved at a faster rate between 40-60 bpm
than between tempi above 60 bpm. Across participants, smoothness
tended to to be lower for the thumb and pinky fingers than for other
fingers, and higher for the right (dominant) hand than the left.

4.1.3  Self-similarity in Finger Motion within Pianists. Using key-
point velocities, we computed the DTW distance with the Eu-
clidean metric for all pairs of performed tempi within pianists
and exercises. This gave us a measure of how consistently pi-
anists moved their fingers across the tempo range. Fig. 6 shows
9 x 9 self-similarity matrices for exercises 1-2 for the four experts.
These matrices show higher self-similarity (smaller DTW distances)

Pilkov et al.

-25

-3.0

Smoothness (SPARC)

-4.0

040 050 060 070 080 090 100 110 120
Tempo, bpm

Figure 5: Average smoothness for the first three exercises for
all pianists across tempi. Colored bands indicate standard
deviation.
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Figure 6: Averaged self-similarity matrices of the first two
exercises for the four experts.

between performances with similar tempi, especially among the
fastest tempi. Some pianists (E1 and E2) had more evenly distributed
self-similarity across the tempo ranges than others (E3 and E4), sug-
gesting individual differences in how pianists adapt their technique
to tempo demands.

4.2 MIDI Performance analysis

We analyzed pianists’ MIDI data with the aim of showing how
MIDI velocity, temporal variability, and right-left hand asynchrony
differed across tempi and between expertise groups.

4.2.1 MIDI Velocity Variability. MIDI keypress velocity data were
averaged per tempo and player for statistical analysis (Fig. 7 top).
MIDI velocities were lower for slow tempi than intermediate,
t(38) = 2.48, p = .02, or fast tempi, £(34) = 4.40,p < .001, and lower
for intermediate than fast tempi, #(35) = 2.08, p = .04. This positive
relationship with tempo is in line with prior research showing that
pianists commonly raise their fingers higher and play louder at
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Figure 7: MIDI key velocity (top), temporal variability (mid-
dle) and right-left hand asynchronies (bottom) averaged per
tempo and pianists.

faster tempi [4]. Expert pianists tended to play louder than begin-
ning/intermediate pianists, t(54) = 2.07,p = .04.

4.2.2 Temporal Variability. We computed interonset intervals
(IOIs) between successive notes played by each hand and took
the standard deviation (std) of IOIs as our measure of temporal
variability (Fig. 7 middle). Two outliers were removed before av-
eraging stds per pianist, tempo, and hand. Left hand IOIs were
more variable than right hand IOIs, #(57) = 13.06,p < .001, and
beginning/intermediate players were more variable than expert
players, t(32) = 4.79,p < .001. T-tests showed greater variabil-
ity in the slowest tempi (40-60 bpm) than in intermediate (70—
90 bpm), #(34) = 2.19,p = .04, or fast tempi (100-120 bpm),
t(32) = 2.45, p = .02, and no difference between intermediate and
fast tempi (p > .05). The negative relationship between variability
and tempo suggests that time-keeping was primarily a challenge at
slow tempi.

4.2.3 Right-left hand asynchrony. Right-left hand asynchronies
were computed between notes that should be played simultaneously,
according to the score (Fig. 7 bottom). Pianists tended to play right-
hand notes slightly before corresponding left-hand notes (mean
asynchrony = .004 s, std = .007 s). Previous research has shown that
a “melody lead” pattern arises when pianists emphasize a melody
line by playing it louder. Higher key velocities result in melody
notes sounding slightly in advance of non-melody notes [7]. Indeed,
our pianists played right hand notes louder than left hand notes,
t(113) = 5.52,p < .001. Average asynchrony magnitudes did not
differ between slow, intermediate, and fast tempi (t-tests all show
p > .05). However, there was greater variability in asynchronies
in fast tempi than in slow tempi, (22) = 3.20, p = .004. Variability
did not differ between intermediate and slow tempi or between
intermediate and fast tempi (t-tests all show p > .05). Thus, inter-
hand coordination was less stable at faster than slower tempi.
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5 Conclusions

We used MIDI data and markerless MoCap to investigate pianists’
kinematics when performing technical exercises and test whether
they demonstrate finger motion that is more stable, smoother, and
less variable at intermediate tempi compared to fast and slow tempi.
Our results show some evidence for this: temporal variability was
highest at slow tempi, while variability in hand asynchronies was
greatest at fast tempi, suggesting that stability is maximized at tempi
in between. Slow and fast tempi seem to pose distinct challenges
for pianists, and our analyses of finger motion offers some clue to
how they adapt. Our findings further demonstrate that markerless
MoCap is a viable alternative to IR MoCap for certain types of
analysis.

In addition to collecting data from more participants, future
work will focus on bringing together different kinematics and MIDI
measures, as well as estimating dynamics, to investigate movement
efficiency and control, observe hand posture and assess injury risks,
and analyze finger activity during and between keystrokes.
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