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Abstract. Since 2015, commercial gestural interfaces have widened ac-
cessibility for researchers and artists to use novel Electromyographic
(EMG) biometric data. EMG data measures musclar amplitude and al-
lows us to enhance Human-Computer Interaction (HCI) through provid-
ing natural gestural interaction with digital media. Virtual Reality (VR)
is an immersive technology capable of simulating the real world and
abstractions of it. However, current commercial VR technology is not
equipped to process and use biometric information. Using biometrics
within VR allows for better gestural detailing and use of complex custom
gestures, such as those found within instrumental music performance,
compared to using optical sensors for gesture recognition in current com-
mercial VR equipment. However, EMG data is complex and machine
learning must be used to employ it. This study uses a Myo armband
to classify four custom gestures in Wekinator and observe their predic-
tion accuracies and representations (including or omitting signal onset)
to compose music within VR. Results show that specific regression and
classification models, according to gesture representation type, are the
most accurate when classifying four music gestures for advanced music
HCI in VR. We apply and record our results, showing that EMG bio-
metrics are promising for future interactive music composition systems
in VR.

Keywords: EMG · Interactive Music · Machine Learning · Music Com-
position · Myo · Biometrics · Wekinator · VR · Virtual Reality

1 Introduction

Interactive music is created when using a Gestural Interface (GI) (a wearable
sensor or mobile device), or other sensory input devices, to map physiological
behaviour with musical intention via Digital Signal Processing (DSP). Interac-
tive music practice history is rich. One of the earliest examples of using gestural
behaviours to compose music is the Theremin (1917) [14], followed by the ana-
logue synthesizer (achieving market success in the 1970s) and later contemporary
work using mobile wearable technologies, including those measuring biometrics,
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to manipulate sound [6, 27]. Gestural information and biometrics are pursued
within interactive music composition practice and history because it allows the
human body to become a powerful instrument for musical expression, evident in
contemporary music works [8, 18].

Biometrics have been used in music composition and research since the 1960s,
using Electroencephalography (EEG) to compose music [3]. Albeit a fruitful
area of research, EEG datasets are not as mobile as other now commercially
available biometric datasets such as EMG. Artists and researchers have been
able to more easily access unique biometric datasets via the commercial release of
the Myo armband GI in 2015 [17], which has widened accessibility for using such
biometric information. The Myo provides both Inertial Measurement Unit (IMU)
and EMG data (measuring muscle amplitude). EMG data is interesting to use
in musical applications because it informs us of nuanced musical behaviours
(i.e., during music performance). However, EMG data is highly complex and
therefore Machine Learning (ML) must be used to deconstruct its complexity
and render it usable. Wekinator is an open source ML software built on the
Waikato Environment for Knowledge Analysis (WEKA) framework and offers
several models of different types. It is popular amongst artists because of its
accessibility regarding ML (using a Graphical User Interface (GUI) to train and
run models). Wekinator has been used with biometric data in previous music
gesture recognition research but seldom to compare ML models, identify optimal
model choice and pair model choice within a performance context.

Recent technological advances and the improved affordability of VR equip-
ment have allowed VR to be useful for education [7], military training operations
[5] and music instrument performance [15]. Due to such promise, contemporary
research has investigated the use of biometric EEG data, with a commercial Head
Mounted Display (HMD) to create a Brain-Computer Interface (BCI) [1, 16].
However, other forms of biometric data more significant for music practice can
be used within VR to compose and perform music - namely, EMG. This is be-
cause the nuanced behaviour of arm muscles helps stimulate particular sounds
and timbres in music performance. Biometric datasets are not considered when
mapping gestural actions in current commercial VR equipment (i.e., the Oculus
Quest (see Fig. 1b)). Since December 2019, optical sensors from the Oculus Quest
HMD have been used to track user hands [12]. However, hand tracking via op-
tical sensors is subject to environmental conditions found in music performance
contexts, such as occlusion [4], and does not measure muscular information found
in music performance. Considering such limitations, using EMG biometric infor-
mation can make interactions within VR more sophisticated and better fitting
of musical gesture and intention.

The Oculus Quest HMD is equipped with a Software Development Kit (SDK)
which predicts three pre-defined gestures [20]. Whereas, the Myo SDK provides
five pre-defined gestures [19]. Such a small set of pre-defined gestures for use with
media systems/VR is limiting for musicians and researchers requiring bespoke
gestures. Music literature using EMG data and ML seldom focuses on applying
HCI to compose music within game engines. Popular avenues for using EMG
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data in current music practice are with physical music performers [10, 25]. Wider
literature shows that using EMG data within game engines allows one to control
gaming systems with natural control [28]. Therefore, combining the benefit of
using EMG data with music performers and game engines (VR) is a logical step.

Performance gestures can be represented both dynamically and statically
when using ML in music practice [23], which is problematic. This is because
the gestural signal onset can be either omitted or included in the ML model
training process and affect musical intention. Previous research has looked at
the efficacy of ML models in Wekinator on two musical gestures used in piano
practice [22] and has extended this investigation with further gestures, including
model optimisation, plus the effect of including gestural signal onset on model
accuracy/efficacy [23]. Our study is informed by this prior research. However, our
paper provides a solution to the problem that using four unique music gestures
(as detailed in Sect. 3.4), and nuanced gestural detailing (via EMG data and
ML), to compose music within VR is not possible with commercial equipment
despite VR being a powerful technology for music composition. When studying
our gestures, it offers a solution to the issue that biometric data from the Myo can
be processed differently by numerous ML models in Wekinator and that gesture
representation type can affect model accuracy and mapping behaviour when
using them with commercial VR equipment. The rest of this paper navigates
a literature review (Sect. 2), our research method (Sect. 3), results (Sect. 4),
applying the findings to music composition (Sect. 4.3) and conclusions (Sect. 5).

2 Literature Review

Using EMG data to develop complex interfaces has seen vast interest since com-
mercial EMG sensors were available at consumer level in 2015. However, the data
they provide is complex, so numerous studies have researched best methods of
signal processing practice when working with EMG data. One study [2] analysed
five time series feature extraction methods for EMG data, citing the Mean Ab-
solute Value (MAV) method as optimal. The MAV is an amplitude estimate of
EMG signals [2] and can be represented as follows, where Xk denotes kth model
attribute input and N denotes attribute input sample size:

MAV =
1

N

N∑
k=1

|Xk| (1)

Studies comparing ML models for gesture recognition in music, using bio-
metric datasets, with Wekinator are sparse [23]. A study [9] compared two ML
models when classifying four violin performance gestures (five including one non-
musical gesture), using a Decision Tree (DT) J48 (via Wekinator) and a Hidden
Markov Model (HMM), plus a Myo GI (using IMU and EMG data) to build
an ‘air violin’. The authors found that both models achieved high accuracies for
prediction across all gestures, where the correctly classified instances percentage
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for the DT was 87.74% and the highest average accuracy for classifying a gesture
was 99.3% for the HMM.

EMG information and ML is currently used within music instrumental re-
search to study technique. A study [10] aimed to classify forearm gestures in
the context of violin performance. The authors did this by analysing eight tradi-
tional violin bow strokes performed by five expert violinists and three students.
A Myo sensor was used to record IMU and EMG information. Audio data was
also captured. Regarding ML, multiple Deep Learning (DL) models were used,
including a Convolutional Neural Network (CNN), a 3DMultiHeaded CNN and a
CNN long short-term memory model. Recognition rates for all such models were
> 97%. Showing a promising comparison of ML models in violin performance
for real-world use.

Another study [26] investigated user-designed gestures in a workshop setting,
using two ML model types (static and dynamic) and a Myo GI with IMU and
EMG data to realise designed gestures. In the work, workshop participants were
asked to design a gesture and choose one of four ML models to represent those
for music generation; one static model and three dynamic models. Three ML
approaches were based on a Neural Network (NN) in Wekinator and one was
based on a hierarchical HMM. The results from the study showed that a win-
dowed regression technique (via a NN) was popular when representing gesture,
albeit different user approaches to representing gesture via ML (static/dynamic
model types) were noted. Thus, the study illustrates that gesture representa-
tion can be problematic when using ML with biometric data because of user
subjectivity and the relationship between gesture type and artistic effect.

EMG information has been used in many fields using immersive gaming
technologies such as VR. A medical research paper [21] used EMG and EEG
biometrics to successfully investigate the use of VR to help with facial palsy
rehabilitation. In this study, researchers worked with a participant with facial
palsy with the aim of using VR to restore their facial features. The study found
that most of the participant’s facial features had been restored by using EMG
and EEG information with a VR system (Oculus Rift) to aid rehabilitation.

A study [15] used a VR HMD (Oculus Rift CV1) and haptic feedback to
allow performance with a 3D virtual ‘air piano’ in VR. User hands were tracked
using an optical GI (Leap Motion) and a haptic feedback device was used to
deliver tactile feedback of piano key presses within VR. 3 gestures were studied
to play three piano pieces: one finger, two fingers from each hand and two fingers
from a single hand. Sixteen participants were used and asked to play three pieces
using the studied gestures. The user study of the work showed efficacy of using
an optical GI and mid-air haptic feedback to play piano in VR.

3 Research Methodology

This section navigates technical hardware used (Sect. 3.1), technical software
and processes used (Sect. 3.2), details regarding data processing and machine
learning (Sect. 3.3) and gestures used (Sect. 3.4) in this study.
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(a) Myo
armband

(b) Oculus Quest HMD

Fig. 1. Technical hardware used in this study.

3.1 Technical Hardware

The technical hardware used in this project are as follows:

Oculus Quest The Oculus Quest is a standalone HMD (see Fig. 1b) equipped
with four wide-angle tracking cameras for tracking user orientation and hands.
It allows for six degrees of freedom [24]. The Oculus Quest is being used in this
project as a second monitor (via Oculus Link software) rather than standalone.
This detail is important to note because the Oculus Quest HMD cannot receive
real-time data streams, over common communication protocols, within the Un-
real Engine 4 (UE4) game engine. Therefore, using the Oculus Quest as a second
monitor allows the transfer of real-time biometric data between UE4 and Max
8; allowing the player to use a greater level of gestural detail within VR (more
on these gestures in Sect. 3.4). Hand tracking for the Oculus Quest replaces
physical Oculus Touch controllers [20]. It allows the user to track their hands
(via optical sensors around the Quest HMD) and represent their gestures more
naturally within VR. Hand tracking is used in this study when using musical
gestures within VR.

Myo Armband The Myo armband (see Fig. 1a) is a GI which allows us to
access two types of biometric information: 8-channels of 8-bit EMG data and
orientation data via an IMU. The sensor transmits all data via Bluetooth and
streams EMG data at 200Hz and IMU data at 50Hz [19]. It transmits data to a
Bluetooth receiver within a space of <15m. Biometric data is retrieved from the
Myo SDK library developed by Thalmic Labs. The EMG data communicated
by the Myo is unique to the sensor. This is because a GI offering EMG data is
hard to obtain at consumer level. The Myo SDK contains three core elements to
measure orientation via the IMU: gyroscope, acceleration and quaternions. The
Myo contains 8 unique electrodes for observing EMG activity around the arm.
At source, this EMG data has a floating point value range between -1 to 1. It is
bipolar. We use two Myo armbands to measure EMG data on the left and right
forearms in this project and at a fixed (referenced) point during model training
and performance.
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Fig. 2. Flow diagram of the software processes used in this study.

3.2 Technical Software & Processes

The technical software and processes used in this project are as follows (see Fig.
2 for a flowchart illustrating software processes):

Data Acquisition and Communication Protocols A patch was created
in Max 8 (a visual programming environment) to acquire biometric data from the
Myo armband (via Myo SDK). Open Sound Control (OSC) and User Datagram
Protocol (UDP) are used to transfer data from the Myo armband (acquired in
Max 8) and send it to UE4 (a game engine software); and vice-versa.

Game Engine UE4 is a game engine used to develop all game aesthetics
via blueprint scripting (C++ object-oriented programming). Is it also used to
develop for and host the Oculus Quest HMD. Procedural audio and 3D sound
spatialisation/processing is also done within the engine.

Digital Signal Processing All core DSP of audio signals is handled in Max
8. Some DSP is handled in UE4 for the purpose of local sound spatialisation.
Classification model outputs are used in this project to compose music in real-
time. This is done by mapping the model output to achieve convolution across
several fixed media sound files in Max 8.

3.3 Data Processing and Machine Learning

Data Pre-Processing and Post-Processing Max 8 is being used to pre-
process EMG data received by the Myo by labelling all data parameters. Data
parameters are then post-processed by scaling and mapping the data for DSP
and ML. Data is scaled by applying an absolute value function to each EMG
parameter (reducing its polarity) and then scaling it between 0–100, as described
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in another study [23]. However, this work builds on this method by using the
minima and maxima recorded EMG inputs by the Myo user (first author) when
performing our studied gestures (see Sect. 3.4) to affect the input scaling process,
rather than using 0 and 1 as the minimum and maximum default input scaling
values. We insert this step to help aid bespoke user EMG calibration. Following
this, EMG data are post-processed through feature extraction, using the MAV;
this is calculated via reducing the polarity of the raw EMG signal from the Myo
through applying an absolute function and then calculating the respective mean
of the signal (see Equation 1). Giving an amplitude estimate of forearm muscles.
The Myo is also calibrated before use via the Myo armband manager software.

Machine Learning Wekinator handles all ML functionality in this project
using EMG data solely from the two Myos used. In this work, we use two ML
model types: continuous and classifiers. The gestures we study use both the
left and right arms with a Myo armband on each arm. Therefore, we use two
different instances of classifiers as the EMG data for both arms will be different
according to sensor placement and other extraneous variables. The first classifier
used for gesture 1 outputs 2 classes; class 1 is a resting gesture and class 2 is the
performance of gesture 1 itself. The second classifier used for gestures 2–4 outputs
4 classes; class 1 is a resting gesture and classes 2–4 correspond to the specific
gestures used in this study (see Sect. 3.4). Four continuous model instances are
being used in this project, with a separate instance for each gesture (1–4). This
is both because the EMG information for each gesture is very different/unique
and because this model is used for the regression of a particular input (gesture),
not the classification of different gestural states. The continuous model outputs
a floating point value range between 0.0–1.0.

Wekinator provides the classifier models used in this work, namely: (i) k-
nearest Neighbour (k-NN), (ii) AdaBoost.M1 (ABM1), (iii) DT, (iv) Support
Vector Machine (SVM), (v) Naive Bayes (NB) and (vi) Decision Stump (DS).
The continuous models provided by Wekinator are: (i) Linear Regression (LR),
(ii) Polynomial Regression (PR) and (iii) NN. Model evaluation metrics are
taken from Wekinator’s GUI, namely Cross Validation (CV) and Training Ac-
curacy (TA), alike other studies in this area [13]. Models are trained using c.500
examples per class (10ms per example), which was used as a baseline in other
music performance gesture studies [23]. Model examples were recorded via man-
ually pressing a start/end recording mechanism, as per the Wekinator GUI. See
Table 1 for a summary of all available continuous and classifier ML models in
Wekinator and their default values, as used in this work.

3.4 Performance Gestures Used

This research project uses four custom gestures for music composition within
VR. They are inspired by musical interactions found during theremin perfor-
mance and all use processed EMG biometric data as model inputs as described
in Sect. 3.3. The four gestures in this work use both continuous and classifier
models, where they are paired to model type according to their aesthetic pur-
pose. This project allows the user in VR to manipulate the velocity of three
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(a) Start
gesture 1

(b) End
gesture 1

(c) Start
gestures 2–4

(d) End
gesture 2

(e) End
gesture 3

(f) End
gesture 4

Fig. 3. Performance gestures used in this study.

coloured spheres (green, red and blue) in randomised 3D space, which each have
different timbres and sounds affixed to them, as a mechanic to compose inter-
active music. Increasing the velocity of each sphere is relative to gestural state
and therefore model output. A continuous model is used to manipulate the ve-
locity of each sphere (via gesture 1) because of its continuous dynamic output,
where the minimum continuous model label does not move the sphere and the
maximum label moves the sphere very quickly. We refer to this manipulation of
each sphere’s velocity as excitation. When each sphere becomes more excited,
the sonic intensity of the sounds attributed to it (in Max 8) become more in-
tense; achieved through the convolution of several fixed media sound files. Once
each sphere is fully excited it flies towards a 3D musical atom and becomes part
of a music sequencer, which the user can further manipulate sonically. Classifier
models are used (via gestures 2–4) to select which sphere, and therefore sounds,
to interact with and excite. They are ideal for this mechanic because they re-
turn discrete classification states. Performative information for each gesture is
as follows:

Gesture 1 This gesture is performed by creating a fist gesture (i.e., squeezing)
with the left hand, from a rested state (Fig. 3a) until a clenched fist gesture
is actioned (see Fig. 3b). This gesture is inspired by its function to control
amplitude in theremin performance [11].

Gesture 2 This gesture is performed by first placing the right hand in the
resting position as seen in Fig. 3c, then extending the little finger forwards (as
seen in Fig. 3d). This gesture is modelled on hand gestures widely accepted and
used (namely the ‘aerial fingering’ technique) when playing the theremin [11].

Gesture 3 This gesture is performed by first placing the right hand in the
resting position seen in 3c, then pointing the ring and little fingers forwards (as
seen in Fig. 3e). It is also modelled on aerial fingering gestures seen when playing
the theremin.

Gesture 4 This gesture is performed by again first placing the right hand
in the resting position seen in 3c and then pointing the index, ring and little
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Table 1. Models used in Wekinator and their default values.

Type of model
Model
name

Model parameters and default values
Model output

range/type

Continuous
(Soft limits1)

NN 1 hidden layer with 1 node per layer.

[0.0–1.0] (float)LR
No feature selection used with linear inputs.
Colinear inputs are not removed.

PR
No feature selection used. Polynomial exponent = 2.
Colinear inputs are not removed.

Classifier

k-NN No. of neighbours (k) = 1.

[1–4] (integer)

ABM1 Training rounds = 100. Base classifier = DT.
DT Model cannot be customised.

SVM
Polynomial kernel. Complexity constant = 1.
Exponent = 2. Lower-order terms not used.

NB Model cannot be customised.
DS Model cannot be customised.

1 Where the maximum model output (0-1) can be surpassed.

fingers forwards (see Fig. 3f). It is also modelled on aerial fingering gestures
used in theremin performance.

Static vs Onset Gesture States ML models can be trained by performing
gestures in either static (omitting the onset of a gesture) or onset (including the
onset of a gesture) states; as investigated in another study observing music per-
formance gestures [23]. This research enquiry investigates how training models
via four unique performance gestures can, in either gestural state, affect model
accuracy and efficacy. We achieve this by either omitting or including gesture
onset across all four performance gestures.

4 Results

This section will report all continuous (Sect. 4.1) and classifier model accuracies
(Sect. 4.2) across gestures 1–4 (both static and onset gestural representations)
and their application within interactive music composition in VR (Sect. 4.3).

4.1 Continuous Model Accuracies

Retrieved continuous model accuracies show that static performance versions of
gestures indicate the highest accuracy levels, compared to the onset version of
gestures (compare static and onset model CV and TA scores in Table 2, plus
prediction behaviour during performance in Figs. 4 and 5). This is logical, as
the static model training dataset contains lower variation than the onset model
training dataset (for example, see Fig. 6). The NN model is the most accurate and
stable (regarding mapping behaviour, as discussed later) of all the continuous
models for both gesture types (static and onset) when performing gestures 1–4
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Fig. 4. Static continuous model output when performing gestures 1–4 over 12s (1200cs).

(see Figs. 4 and 5). Both the LR and PR models perform similarly for gestures
1–4 (static models), albeit the PR model scores marginally lower for CV than the
LR regarding the onset gesture 1 model. The weakest performing onset models
are for gestures 2–3, which could be due to the similarity of muscle activation
behaviours in the right arm and therefore datasets. However, it is interesting to
note that the static models do not encounter this issue for gestures 2–3. We also
see that both the LR and PR models are the weakest for gesture 1 across all
static gesture models (albeit marginally).

The accuracy scores returned for gestures 1–4 in Table 2 seems to corrobo-
rate the mapping behaviours of continuous models (both onset and static) when
performed after training. This is because the NN model appears the most sta-
ble, followed by the LR and then the PR. In terms of the contouring of model
output (for both gesture types), the NN consistently provides the smoothest
mapping. The LR provides the most linear and the PR is a hybrid of both the
NN and LR. This is important to note as each individual continuous model out-
put mapping has the potential to affect sonification mapping when composing
interactive music. When observing the prediction behaviour differences between
onset and static continuous models, we see that the NN onset model is faster to
make a correct prediction than its static counterpart for gestures 2–4. However,
the difference in prediction timing is marginal and the model output mapping
is less smooth than the static model version. Regarding gesture 1, we see a very
similar correct prediction speed for the NN model. This is likely because it is a
less complex gesture than gestures 2–4.
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Fig. 5. Onset continuous model output when performing gestures 1–4 over 12s (1200cs).

4.2 Classifier Model Accuracies

Accuracies retrieved from classifier models indicate that static classifier models
are more accurate that onset models (see Table 3). This is because data variation
is lower during static model training (see Fig. 6 for an example). All static
classifier models perform very well except the DS. Interestingly, the DS model
is the second poorest model for the gesture 1 onset classifier but the poorest
for gestures 2–4. Interestingly, the most accurate onset classifier models for all
gestures are the k-NN, ABM1 and DT models (see Table 3). The most accurate
classifier models for gesture 1 (static and onset) are the k-NN, ABM1, DT and
NB. However, the poorest are the SVM and then the DS. The most accurate
classifier models for gestures 2–4 (static and onset) are the ABM1, then the
k-NN and then the DT. The poorest performing is the DS (both gesture types).

When performing all gestures and testing model classification output (after
training and in the same conditions), we see k-NN and SVM onset models are
faster to make correct class predictions than static models for gesture 1, albeit
with less accuracy than static models for gestures 2–4. DS onset models are also
generally faster than static models to make correct predictions for gesture 1.
However, the DS onset model is not very accurate regarding prediction speed or
efficacy (including the static model) for gestures 2–4.

4.3 Application to Interactive Music Composition within VR

Our classifier and continuous model results show specific machine learning algo-
rithms are more efficient and reliable to use than others when predicting musical
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Fig. 6. Onset and static model output of gesture 1 being performed during model
training.

Fig. 7. Onset and static classifier model outputs of gestures 1–4 when being performed
over 12s (1200cs).

gestures for composition within VR (see Tables 2 and 3). This is important to
note because interactive music relies on the real-time interaction with sound, of-
ten in a live environment (e.g., concert hall) or within interactive systems (VR).
Therefore, using ML models to stimulate interactive music processes in VR can
benefit from these findings when using the same studied gestures.

We observe that both gesture types studied in this work (onset and static)
have different prediction speed characteristics, according to gesture (see Sects.
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Table 2. Accuracy of static and onset continuous models where 0 root mean squared
error (RMSE) is optimal.

Gesture
no.

Model
TA
(S)1

TA
(O)2

CV
(S)

CV
(O)

Class
no.

No. class
examples (S)

No. class
examples (O)

1 NN 0 0 0 0
0.0
1.0

499
524

494
530

LR 0.01 0.09 0.01 0.09
PR 0.01 0.09 0.01 0.1

2 NN 0 0 0 0
0.0
1.0

511
510

511
512

LR 0 0.16 0 0.16
PR 0 0.16 0 0.16

3 NN 0 0 0 0
0.0
1.0

509
542

498
552

LR 0 0.15 0 0.16
PR 0 0.15 0 0.16

4 NN 0 0 0 0
0.0
1.0

538
488

506
518

LR 0 0.11 0 0.11
PR 0 0.11 0 0.11

1 Static model 2 Onset model

4.1 and 4.2). This means selecting a particular gesture type can allow a music
practitioner to alter model predictive speed behaviour, according to how gestures
are represented during model training. This is fundamental in performance sit-
uations when using ML systems to generate/perform interactive music, such
as within VR systems. We also note that the disparate mapping behaviours of
continuous model outputs (see Sect. 4.1) have the potential to create disparate
musical mappings and thus inform model choice for musical intention, due to
their contour, as noted in other research [23].

As seen in this study, continuous and classifier models are inherently different
in their prediction behaviour type. This is because classifier models return fixed
predictive states (labels/classes) and continuous models map data input in real-
time. Therefore, both model types are useful in different musical contexts and
interactive situations within VR. This is because a music practicioner may wish
to either trigger Audiovisual (AV) events within VR (e.g., choose a sphere to
excite) or control a real-time AV parameter (e.g., choose how much to excite a
sphere). We combine and use the unique mechanics of both the classifier and
continuous models together to form a unified gestural music instrument, when
predicting our gestures in VR, where the models cannot drive the aesthetics of
the piece in isolation (as seen with both hands in theremin performance).

We also see that using custom gestures via biometrics within VR is profound
for interactive music and future musical expression within immersive digital en-
vironments. This is because custom gestures are more indicative of real world
musical expression, which is not possible via interacting with digital worlds and a
Digital Musical Instrument (DMI) within VR through analogue hardware equip-
ment (i.e., Oculus Touch controllers). Custom gestures using EMG biometrics
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Table 3. Accuracy of static and onset classifier models where 100 (%) is optimal.

Gesture
no.

Model
TA
(S)

TA
(O)

CV
(S)

CV
(O)

Class
no.

No. class
examples (S)

No. class
examples (O)

1 k-NN 100 100 100 100

1
2

511
500

494
534

ABM1 100 100 100 100
DT 100 100 100 100
SVM 100 90.76 100 90.76
NB 100 100 100 100
DS 100 91.44 100 91.44

2–4 k-NN 100 99.95 100 99.85
1
2
3
4

513
488
515
495

508
499
491
514

ABM1 100 99.95 100 99.95
DT 100 99.8 100 99.5
SVM 100 93.24 100 93.04
NB 100 92.69 100 92.74
DS 51.12 47.96 51.12 47.96

are also beneficial for future interactive music practice in VR because of limita-
tions found when using optical sensors to track gesture.

When applying our results and models to interactive music practice within
the VR space, it is clear that using custom gestures provides new levels of ex-
pression for interactive music. One can hear and see an example of using our
gestures, their targeted models and study findings within an interactive mu-
sic project for VR (created by the first author) via the following hyperlink:
https://tinyurl.com/jpdubbfp. In light of our results, a NN model was used
for gesture 1 and a k-NN for gestures 2–4.

5 Conclusions

We have observed that using custom music gestures, via EMG data, within VR
provides a future immersive space with new methods for musical expression in
composition. Our results show that: (i) particular continuous/classification ML
algorithms (in Wekinator) are more efficient than others when predicting pro-
cessed EMG datasets (ii) unique mapping behaviours can be found on continuous
model output (according to gesture type (static and onset)) (iii) model accuracy
is affected by gesture type (static and onset) and (iv) custom EMG gestures can
be made via novel GIs and ML for use with commercial HMDs/VR and music
practice, with high efficacy.

Future work will investigate the use of a multimodal capture system to track
gestures which are more fluid in their states (i.e., switching between different
gestures within a single class). In particular, we would like to investigate a pos-
sible threshold between a gesture considered more difficult (at data level) and an
easier one. We will also investigate the generalisability of using our observed ges-
tures with other participants/musicians, as the gestures observed in this study

https://tinyurl.com/jpdubbfp
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were trained and performed by the first author. The applications of this research
have use outside of music, where using custom gestures for future gaming inter-
action in VR is particularly significant.
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